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ABSTRACT
In this paper, we present scenario based dynamic video ab-
stractions using graph matching. Our approach has two
main components: multi-level scenario generations and dy-
namic video abstractions. Multi-level scenarios are gener-
ated by a graph-based video segmentation and a hierarchy
of the segments. Dynamic video abstractions are accom-
plished by accessing the generated hierarchy level by level.
The first step in the proposed approach is to segment a video
into shots using Region Adjacency Graph (RAG). A RAG
expresses spatial relationships among segmented regions of
a frame. To measure the similarity between two consec-
utive RAGs, we propose a new similarity measure, called
Graph Similarity Measure (GSM). Next, we construct a
tree structure called scene tree based on the correlation be-
tween the detected shots. The correlation is computed by
the GSM since it considers the relations between the de-
tected shots properly. Multi-level scenarios which provide
various levels of video abstractions are generated using the
constructed scene tree. We provide two types of abstraction
using multi-level scenarios: multi-level highlights and multi-
length summarizations. Multi-level highlights are made by
entire shots in each scenario level. To summarize a video in
various lengths, we select key frames by considering tempo-
ral relationships among RAGs computed by the GSM . We
have developed a system, called Automatic Video Analysis
System (AVAS), by integrating the proposed techniques to
show their effectiveness. The experimental results show that
the proposed techniques are promising.

Categories and Subject Descriptors
I.2.10 [Artificial Intelligence]: Vision and Scene Under-
standing—Video analysis; I.4.8 [Image Processing and
Computer Vision]: Scene Analysis—Time-varying imagery
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1. INTRODUCTION
With the recent advances in electronic imaging, video de-

vices, storage, networking and computing power, the amount
of digital videos has grown enormously. To handle this huge
amount of data efficiently, many techniques on video seg-
mentation, indexing, and abstraction have emerged to cat-
alog, index and retrieve the digital videos. Among these,
video abstraction has attracted much attention since it helps
to enable quick browsing of huge amounts of video data, and
to achieve efficient access and representation.

Video abstraction, as the name implies, is a short sum-
mary of a long video, which is a set of still or moving im-
ages selected and reconstructed from an original video with
concise information about the content. Techniques in video
abstraction can be categorized into two main approaches as
follows:

• Static video summary [12, 5, 7] is a collection of static
images (key frames) of video segments such as shots
or scenes, which allows for nonlinear browsing of video
content by sacrificing the time-evolving element of video.

• Dynamic video skimming [15, 23, 11] is to provide a
shorter version of a long video arranged in time, which
browses certain portions of video content while pre-
serving the time-evolving element of video.

For both approaches, segmentation of video into proper units
(i.e., shots or scenes) plays a very important role in maxi-
mizing the quality of video summary.

In the static video summary, a video summary is a set of
salient images (i.e., key frames) which represents an origi-
nal video sequence. Therefore, selecting these key frames
becomes the main procedure of all summary works. Several
different methods have been proposed for the key frame se-
lection, such as shot-based [5, 7], perceptual feature-based
[27], feature vector space-based [14], and cluster-based [9,
19]. A summary generated by this approach is useful for
quick browsing, but it may not properly deliver the sematic



contents of an original video since it is sacrificing its time-
evolving element.

Compared to a static video summary, relatively less work
has been done for dynamic video skimming. There are basi-
cally two types of video skimming: summary sequence and
highlight. A summary sequence renders the impressions of
the content of entire video by using: time compression-based
[21], model-based [13], or text and speech recognition-based
[25] methods. On the other hand, a highlight shows the most
interesting parts of an original video. A couple of represen-
tative works for generating highlights are VAbstract system
which considers a scene as the basic entity [16], and Infor-
media Project which creates a very short synopsis from an
original video by extracting the significant audio and video
information [24]. However, generating a highlight of a video
is subjective, so it is hard to bridge the gap between human
cognition and the automated result from a system process.

In this paper, we propose a scenario based dynamic video
abstractions to address the limitations mentioned above.
First, we segment a video into shots by adapting the idea of
Region Adjacency Graph (RAG), and introducing a new sim-
ilarity measure for graphs, called Graph Similarity Measure
(GSM). Since existing graph matching requires high com-
putational complexity, we simplify the computation using
neighborhood graphs of the RAG and distance-constrained
comparison. Next, we construct a scene tree with the de-
tected shots, which illustrates the hierarchical content of
the video, and generate multi-level scenarios using the con-
structed scene tree which provides various levels of video
abstractions. Using the multi-level scenarios, we propose
two different types of abstraction: multi-level highlights and
multi-length summarizations. Figure 1 is an overview of Au-
tomatic Video Analysis System (AVAS), which illustrates
the flow of the proposed approach.

Video Segmentation

Scene Tree Construction

Scenario Generation

Multi-length Summarization

Input Video

shots

scene tree

scenarios

Dynamic Video Abstractions

Multi-level Highlight

Temporal
Relationship

Shot
Concatenation

Figure 1: Overview of Automatic Video Analysis
System (AVAS).

The main contributions of the proposed work are as fol-
lows.

• We propose a graph-based shot boundary detection
(SBD) and a graph similarity measure (GSM) to effi-
ciently capture both spatial and temporal relationships
among video frames.

• We generate multi-level scenarios of a video by access-
ing a scene tree on different levels to provide various
levels of video abstraction.

• We propose dynamic video abstractions which are able
to generate both static video summary (i.e., multi-
length summarizations) and dynamic video skimming
(i.e., multi-level highlights).

The remainder of this paper is organized as follows. In
Section 2, we propose a new SBD algorithm using the RAG
and the GSM . We describe the procedure for scene tree
construction and multi-level scenario generations in Section
3. Based on the generated scenarios, our dynamic video ab-
stractions are proposed in Section 4. In Section 5, the per-
formance studies are reported. Finally, Section 6 presents
some concluding remarks.

2. GRAPH BASED VIDEO SEGMENTATION
In this section, we present a graph-based approach for

video processing. First, we introduce Region Adjacency Gra-
ph (RAG), which represents spatial relationships among seg-
mented regions in a frame. Second, in order to measure the
similarity between RAGs, we propose Graph Similarity Mea-
sure (GSM). Our graph-based SBD algorithm is proposed
using RAGs and the GSM .

2.1 Region Adjacency Graph
Graph is a powerful tool for pattern representation and

classification in various fields [4], such as image processing,
video analysis, and biomedical application. The primary
advantage of graph-based representation is that it can rep-
resent patterns and relationships among data effectively. To
take this advantage into video analysis, several studies have
proposed graph-based techniques [6, 18]. One of them is
Region Adjacency Graph (RAG) [6], in which segmented re-
gions and their spatial relationships are expressed as nodes
and edges, respectively.

Assume that a video segment has N frames. Each frame
is segmented into homogeneous color regions using a re-
gion segmentation technique called EDISON (Edge Detec-
tion and Image Segmentation System) [8]. The reason we
choose EDISON among other algorithms is that it is less sen-
sitive to small changes over frames, which occur frequently
in video sequences. The segmented regions and their rela-
tionships are represented by the nodes and the edges of a
graph (RAG), which is defined as follows:

Definition 1. Given nth frame, fn in a video, a Region
Adjacency Graph of fn is a four-tuple, Gr(n) = {V, E, ν, ξ},
where

• V is a finite set of nodes for the segmented regions of fn,

• E ⊆ V × V is a finite set of edges between adjacent nodes
in fn,

• ν : V → AV is a set of functions generating node at-
tributes,

• ξ : E → AE is a set of functions generating edge attributes.

A node (v ∈ V ) corresponds to a region (r), and a spatial
edge (eS ∈ E) represents a spatial relationship between two
adjacent nodes (regions). The node attributes (AV ) are lo-
cation (x, y: centroid), size (s: number of pixels) and color
(λ: mean of colors) of the corresponding region. The spa-
tial edge attributes (AE) indicate relationships between two



(a) Frame #14 (b) Region segmentation for (a) (c) Gr(f14) For (b)

(d) Magnifying a part of (b) (e) Magnifying a part of (c)

v1 v2
v3

v4

v6

v7

v8
v9

v10

v11

v12 v13v14 v15 v16

v17 v18 v19 v20

v21

v22

v23
v24

v25
v26

v27

v28

v29

v30 v31
v32

v33

v34 v35

v36

v37

v38

v39

v40
v41

v42

v43

v44

v45

v46

v47

v48

v49 v50
v51 v52

v53 v54

v55

v56

v57

v58
v59

v43

v44

v45
v46

v53 v54

v58 v39 v59

r58 r39
r59

r43

r44

r45
r46

r53 r54

Figure 2: Example of region segmentation and RAG.

adjacent nodes such as spatial distance (d: spatial distance
between centroids of two regions) and orientation (φ: angle
between a line formed by two centroids and horizontal line).
The attribute vectors of node (AV ) and spatial edge (AE)
can be defined as

AV = (x, y, s, λ)T , AE = (d, φ)T

As illustrated in Figure 2, a RAG provides a spatial view
of regions in a frame. Figure 2 (a) and (b) show a real frame
and its segmented regions respectively. The RAG in Fig-
ure 2 (c), Gr(f14), is constructed according to Definition 1.
Each circle indicates a segmented region. Here, the radius,
the color and the center of circle correspond to the node at-
tributes: size (s), color (λ) and location (x, y), respectively.
In addition, the length and angle of the edges represent the
spatial edge attributes; spatial distance (d) and orientation
(φ) between two adjacent nodes. In Figure 2 (d) and (e),
we magnify two parts in Figure 2 (b) and (c) respectively to
show more details about how to construct RAG from seg-
mented regions. For example, a region r58 in Figure 2 (d)
forms a node v58 in Figure 2 (e) preserving the attributes,
i.e., size, color and location. Since a region r58 is adjacent
to two regions (r39 and r45), two spatial edges (eS(v58, v39)
and eS(v58, v45)) are created.

Unlike existing techniques using RAG, the RAG defined in
Definition 1 is an attribute graph which represents not only
spatial relationships among segmented regions, but also its
properties using nodes and edges. A node attribute (AV )
and an edge attribute (AE) provide more precise informa-
tion.

2.2 GSM: Graph Similarity Measure
After generating a RAG from each frame, we need to

compare two consecutive RAGs to find a similarity between
them. There are some well-established concepts for graph
similarity measures, which are based on (sub)graph isomor-
phism [10] or maximal common subgraph [4, 3]. Since these
algorithms have a high computational complexity, they are
not suitable for measuring the similarity between RAGs.
In order to address this, we propose a new graph similar-
ity measure which is based on the decomposition of graph.

First, we decompose RAG into a number of subgraphs, which
are called neighborhood graphs defined as follows.

Definition 2. GN (v) is the neighborhood graph of a given
node v in a RAG, if for any nodes u ∈ GN(v), u is the ad-
jacent node of v and has one edge such that e = (v, u).

Figure 3 shows some examples of the neighborhood graphs
of Gr(f14) in Figure 2 (c). GN (v1), GN (v32) and GN (v39)
are the neighborhood graphs for nodes v1, v32 and v39, re-
spectively.
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Figure 3: Examples of neighborhood graphs for
nodes v1, v32 and v39.

In order to reduce computational complexity, we use neigh-
borhood graphs of two RAGs instead of using whole RAGs
directly. We use the following formula which computes a
similarity between two neighborhood graphs (i.e., GN (v1)
and GN (v2)).

δ(GN (v1), GN (v2)) =
|GC |

min(|GN (v1)|, |GN (v2)|) (1)

where |G| denotes the number of nodes of G, and GC is the
largest common subgraph of GN (v1) and GN (v2). The well-
known algorithms computing GC are based on the maximal
clique detection [3] or the backtracking [17]. We exploit the
idea of maximal clique detection to compute GC since the
neighborhood graph can be easily transformed into a maxi-
mal clique.

For maximal clique and other graph matching operations,
we need to compare two nodes or two edges using their
attribute affinities. For these comparisons, we use Maha-
lanobis metric to consider the weights of attributes. The



node affinity (Wnode) between AVi and AVj and edge affin-
ity (Wedge) between AEi and AEj are formulated as:

Wnode(i, j) = (AVi − AVj )
T Σ−1(AVi − AVj )

Wedge(i, j) = (AEi − AEj )
T Σ−1(AEi −AEj )

where Σ−1 gives the weights of attributes.
In order to find GC between GN (v1) and GN(v2), we first

construct the association graph which is formed by creating
nodes from each compatible pair of two nodes in GN (v1)
and GN (v2), and inserting edges between nodes if they have
equivalent relationships with the nodes v1 and v2. Then, GC

is obtained by finding the maximal clique in the association
graph. Algorithm 1 illustrates the pseudo-code of finding the
maximal common subgraph from two given neighborhood
graphs.

Input :  two neighborhood graphs: GN(v1) and  G N(v2)
Output : the set of nodes  VC

1: VA = a set of nodes of the association graph between GN(v1) and  GN(v2);
2:  k = min( | GN(v1) | , | GN(v2) | ) + 1;
3: do
4:     k = k - 1, VC =    ;
5:     MCS  (VC , VA);
6: until  (| VC | = k);
7: return VC ;

8: Procedure MCS  (X, Y )
9: begin
10:  Y1 = {v VA : v is connected to all nodes in Y };
11:  Y2 = {v Y  - X : v is connected to all nodes in X };
12:  if Y1 =  or Y2 = then
13:      return X;
14:  else
15:      select a node vy which is connected to all nodes in X ;
16:      VC = VC {vy};
17:      MCS  (X {vy}, Y ) MCS (X, Y - {vy});
18:  end if
19:end Procedure

Algorithm 1: Maximal Common Subgraph

The complexity of Algorithm 1 can be analyzed as follows.
Let K1 and K2 be the number of nodes of two neighborhood
graphs, GN(v1) and GN(v2), respectively. According to [3],
the worst case number of states to compute Algorithm 1 is

S = (K2 + 1)(K2) . . . (K2 −K1 + 2) =
(K2 + 1)!

(K2 −K1 + 1)!
(2)

When K1 = K2, the complexity of Equation (2) is reduced
to O(K · K!) where K is the number of nodes in a neigh-
borhood graph. However, in a real situation the neighbor-
hood graph has a small number of nodes (i.e., usually 4 to 8
nodes), and is much simpler than general graphs. Therefore,
the complexity of Algorithm 1 can be reduced significantly.

Now, we measure the similarity between two RAGs using
δ in Equation (1). Let Gr(n−1) and Gr(n) be RAGs of (n−
1)th and nth frame, respectively. Graph Similarity Measure,
GSM between Gr(n− 1) and Gr(n) can be defined as:

GSM(Gr(n− 1), Gr(n)) = (3)

1

max(I, J)

I∑
i=1

J∑
j=1

δ(GN (vi), GN (vj))

where I and J are the number of nodes of Gr(n − 1) and
Gr(n), respectively. However, GSM still requires expen-
sive computation since it computes all pairs of neighbor-
hood graphs between Gr(n − 1) and Gr(n). In order to

reduce the computation time, we consider the neighborhood
graphs within a certain range in Gr(n). Since two consecu-
tive RAGs in a shot are not much different, for each neigh-
borhood graph in Gr(n − 1) we do not have to compute
the similarities (δ) with all neighborhood graphs in Gr(n).
Instead, we consider only neighborhood graphs within a cer-
tain range in Gr(n), which can reduce the computation time
of GSM . A simplified version of GSM in Equation (3),
which is referred to GSMsim, can be defined as:

GSMsim(Gr(n− 1), Gr(n)) = (4)

1

I

I∑
i=1

J′∑
j′=1

δ(GN(vi), GN (vj′))

where vj′ (j′ = 1, . . . , J ′) is the node in Gr(n) such that the
spatial distance between (x, y) of vi and (x′,y′) of vj′ is less
than a given value. We will show the efficiency of GSMsim

in Section 5.

2.3 Shot Boundary Detection
We use GSMsim in Equation (4) to detect shot bound-

aries, since each frame is represented as a graph (RAG) and
it considers the spatial relationships of a RAG unlike exist-
ing similarity measures such as pair-wise pixel comparison
[2] or color histogram [26]. Shot transitions can be classified
into two groups: abrupt change (i.e. hard-cut) and gradual
change (i.e. dissolve, fade-in and fade-out).

Abrupt change: Detecting abrupt change is relatively
easier. If GSMsim is more than a certain threshold value
(Tcut), the two frames corresponding to the two RAGs are
considered to be in a same shot. Otherwise, the two frames
are considered to be in two different shots. The main prob-
lem is how to select the threshold value (Tcut). We used
several threshold values in our technique. However, these
values are not based on a pre-selected training set or pre-
viously collected statistics. As seen in Figure 4 which has
14 actual cuts, the number of detected cuts is not sensitive
to the threshold value. For example, 14 cuts are detected
when Tcut = (0.1, 0.2, 0.3), and 17 cuts are detected when
Tcut = 0.4. Therefore, we can easily select an appropriate
Tcut without doing any additional processing.
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Figure 4: Shot detection results for abrupt changes

Gradual change: As the name implies, a gradual change
occurs throughout a number of frames. During a gradual



change, GSMsim generates lower similarity values regard-
less of the types of transitions since the similarity is based
on matched nodes and edges which are rarely found in grad-
ually changed frames. Therefore, the proposed method can
detect starting and ending frames of gradual changes. Fig-
ure 5 shows some examples of shot boundaries having grad-
ual changes. An optimal threshold value (Tcut) for gradual
change can be selected indubitably. As seen in the figure,
0.2, 0.3, 0.4 or 0.5 generates same boundaries.
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Figure 5: Shot detection results for gradual changes

3. MULTI-LEVEL VIDEO SCENARIOS
In this section, using the detected shots we construct a

scene tree which illustrates the hierarchical content of a
video, and then generate multi-level scenarios with the con-
structed scene tree.

3.1 Scene Tree Construction Algorithm
In order to support various levels of video abstractions,

we need multi-level structures of video which allow nonlinear
accessing. First, we need a representative of each segmented
shot, which explains the content of corresponding shot. The
most popular representative is one or more key frame(s) [5,
7]. The key frame(s) may be chosen by several ways such
as the first frame, the last frame, or multiple frames satis-
fying a certain condition. However, these methods are not
suitable for content based video abstraction because the re-
lationships among frames in a shot are not considered. To
address this, we select a key RAG from each shot by con-
sidering relationships among frames. A key RAG is defined
as follows:

Definition 3. For a given set of RAGs for Shoti (Gi),
a key RAG, denoted by Gkey(i), is the most representative
RAG in Gi, which has the largest summation of GSMsims
among all possible pairs of frames, such that

Gkey(i) = argGr∈Gi
max

N∑
n=1

GSMsim(Gr,Gr(n))

where N is the total number of frames in a shot.

Using the key RAG in Definition 3, we determine the cor-
relation between two shots by applying the proposed graph
similarity measure GSMsim in Equation (4) to two key RAGs.
Let Shoti and Shotj be the ith and jth shots with the key

RAGs, Gkey(i) and Gkey(j), respectively. The correlation
between Shoti and Shotj , Corr(Shoti, Shotj), can be de-
termined as follows:

Corr(Shoti, Shotj) ={
true if GSMsim(Gkey(i), Gkey(j)) > Trel,
false otherwise.

(5)

where Trel is an empirical threshold value (0 ≤ Trel ≤ 1).
When GSMsim of two key RAGs is larger than Trel, two
shots corresponding to the key RAGs are related to each
other. Otherwise, they are not related. We use Trel = 0.4
in our experiments. Corr() is used for constructing a scene
hierarchy, called scene tree.

Among existing techniques for multi-level structures of
video [22, 20], we exploit the technique proposed in our
previous work [20] which builds a scene tree. In [20], Vi-
sual Similarity and Time Locality are considered during the
scene tree construction. We improve the performance of
these components by using RAGs and GSMsim proposed in
Section 2.

Each node in the scene tree is called a scene node. It is
labelled as SNm

i , where the subscript denotes the shot (or
scene) from which the scene node is derived, and the super-
script indicates the level of the node in the scene tree. Let
level 0 be the leaf level of the tree which is the lowest level.
The procedure for constructing a scene tree is as follows.

1. Create a scene node SN0
i for each Shoti

2. Set i← 3.

3. Apply a shot correlation Corr() to check if Shoti is
similar to Shoti−2, . . . , Shot1 in descending order. The
comparison stops when a related shot, say Shotj , is
identified. If no related shot is found, we create a new
empty node, connect it as a parent node to SN0

i , and
proceed to Step 6.

4. For scene nodes SN0
i−1 and SN0

j ,

• If SN0
i−1 and SN0

j do not currently have a parent

node, we connect all scene nodes, SN0
i through

SN0
j , to a new empty node as their parent node.

• If SN0
i−1 and SN0

j share an ancestor node, we

connect SN0
i to this ancestor node.

• If SN0
i−1 and SN0

j do not currently share an an-

cestor node, we connect SN0
i to the current oldest

ancestor of SN0
i−1, and then connect the current

oldest ancestor of SN0
i−1 and SN0

j to a new empty
node as their parent node.

5. If SN0
i−1 and SN0

j share an ancestor node and its level
is greater than 1, we create a new empty node on level
1, and then connect SN0

i−1 and SN0
j to a new empty

node as their parent node. A new empty node is con-
nected to an old ancestor node as its child node.

6. If there are more shots, we set i ← i + 1, and go to
step 3. Otherwise, we connect all the nodes currently
having no parent to a new empty node as their parent.

7. For each scene node at the bottom of the scene tree,
we select the key frame corresponding to Gkey(i). We
then traverse all the nodes in the scene tree level by



level. For each empty node visited, we identify the
child node, say SNc

k which contains Shotk which is
the most related shot to its other child nodes. We
rename this empty node as SNc+1

k , and assign the key
frame of SNc

k to SNc+1
k .

Even if the above scene tree construction algorithm is an
extension of [20], there are several differences as follows; (1)
we apply a graph-based approach to measure similarity for
frames or shots, which provides more accurate results, (2) we
add a node between an ancestor and child nodes when their
level difference is more than one (Step 5). The additional
node improves the quality of a scene tree which is required
for multi-level scenario selection, and (3) we select the key
frame based on the relationships among frames in a shot,
which is a representative of each node (Step 7).

Figure 6(a) illustrates an example of the scene tree con-
struction. We consider a video clip with eight shots as shown
in bottom of Figure 6(a). Let Shot0, Shot2, Shot4 and Shot7
be correlated, and Shot5 and Shot6 be correlated, respec-
tively. We first create three scene nodes SN0

0 , SN0
1 and

SN0
2 for Shot0, Shot1 and Shot2, respectively. Since Shot0

and Shot2 are correlated, we connect them to a parent node
SN1

2 (Step 4). Shot2 can be selected as a representative
of SN1

2 by Step 7. Then, since Shot3 is not correlated to
any previous shots, it has a new parent node SN1

3 (Step 3).
Similarly, we can create SN1

5 , SN2
2 and SN3

2 using the scene
tree construction algorithm. The constructed scene tree has
13 scene nodes with 4 levels.

3.2 Multi-Level Scenario Selection
We create video scenarios from a scene tree, which have

various levels of video content. A video scenario in a cer-
tain level is more concise than the one in a lower level.
We present a procedure for multi-level scenario selection for
video abstractions based on a scene tree as follows.

Input: a video V, a summary level L.
Output: a sequence of scene nodes VSN .
Procedure:

1. Build a scene tree (ST ) for input video V.

2. If L ≥ the highest level of ST , then we select and
add the node on the highest level of ST to VSN , and
proceed to Step 4.

3. For each scene node SNm
i in ST ,

• If L = m and SNm
i is not in VSN , we select and

add SNm
i to VSN .

• If m < L < the level of parent node of SNm
i and

the parent node of SNm
i is not in VSN , we select

and add the parent node of SNm
i to VSN .

4. Sort the nodes in VSN by i.

5. Return VSN .

Since we choose the scene nodes based on the relations
among shots, the higher level scenario can include the more
important nodes. Figure 6 (b) is the result of multi-level
scenarios selection of the scene tree in Figure 6 (a). For
example, when we generate a scenario for level 1, five scene
nodes are selected; i.e., SN1

2 , SN1
3 , SN1

5 , and SN0
7 . For

level 2, three scene nodes, i.e., SN2
2 , SN1

5 , and SN0
7 , are

selected.

4. DYNAMIC VIDEO ABSTRACTIONS
In our proposed approach, we provide two different types

of abstractions using multi-level scenarios: multi-level video
highlights and multi-length video summarizations.

4.1 Multi-Level Video Highlights
The purpose of video highlight is to draw a user’s atten-

tion by presenting the most attractive and compact scenes in
a movie. In order to achieve this, we only consider a certain
level of scenario selected while preserving the time-evolving
nature of a video. For a given video V, we generate a video
highlight as follows:

1. Let L be a summary level of V selected by a user.

2. Pick the shots corresponding to the scene nodes from
a scenario (VSN) with level L.

3. Concatenate the selected shots to make a highlight
video, while preserving the temporal order of visual
and audio contents.

4.2 Multi-Length Video Summarizations
Unlike video highlight presenting the most attractive sce-

nes in a video, multi-length video summarizations provide
various lengths of summary depending on a user’s require-
ment. The most popular approach for video summariza-
tion is to select a group of representative frames (i.e., key
frames). However, existing video summary techniques built
on key frames [5, 7] are either too rough to preserve video
semantics or not flexible enough to support various levels of
summary. In order to address this, we propose multi-length
summarizations using the temporal relationships between a
key RAG (a key frame) and other RAGs in a shot. For a
given video V, we generate the multi-length video summa-
rizations as follows:

1. Let L and Tlen be a summary level and a length, re-
spectively, selected by a user.

2. For each scene node (SNm
i ) in a scenario (VSN) with

level L, we select a key RAG (a key frame) of SNm
i .

3. For each selected key frame (Gkey), we find its relevant
frames (fj) in the corresponding node (SNm

i ), which
satisfy

GSMsim(Gr(j), Gkey) ≥ Tlen

where 0 < Tlen ≤ 1.

4. Concatenate the selected frames to make a summary.

Tlen is a threshold value which decides the length of sum-
mary. Tlen is selected by the user through the system. The
higher the threshold value, the shorter the summary. When
Tlen = 0, the above algorithm is the same as the algorithm
of multi-level video highlights except audio content.

5. EXPERIMENTAL RESULTS
To access the proposed methods, we have performed the

experiments with various types of real videos as shown in
Table 1. All videos are encoded to AVI format with 15
frames per second and 160 × 120 pixel resolution. As seen
in Table 1, the data set consists of various types of contents
taken from TV programs. The fifth and sixth columns of



SN 1
0 SN2

0 SN 3
0 SN 4

0 SN7
0SN0

0

SN 2
1 SN 3

1

SN 2
2

SN 2
3

Level 0

Level 1

Level 2

Level 3

SN 2
1 SN3

1 SN 5
1

SN 2
2 SN5

1

SN 2
3

(a) Example of scene tree (b) Result of multi-level scenario sections

SN7
0

SN 7
0

Shot 0 1 2

SN 5
0 SN 6

0

SN 5
1

3 4 5 6 7

Shot 0, 2, 4, 7 correlated Shot 5, 6 correlated

SN1
0 SN 2

0 SN3
0 SN 4

0 SN 5
0 SN6

0SN 0
0 SN 7

0

Video Clip

Figure 6: Example of constructed scene tree and multi-level scenario selections.

Table 1: Details of test videos

Total 61:46 928 37

Type Name Length
Abrupt
changes

Gradual
changes

No.

Drama Silk Stalking 10:24 95 41
Cartoon Scooby Dog Show 11:38 106 52
Sitcom Friends 10:22 116 33

Talk Show Divorce  Court 11:11 160 64
Si-Fi Star Trek 12:27 111 25

Soap Opera All My Children 5:44 50 26
Sport Tennis 14:20 114 57
News Local (ABC) 30:27 176 108

Table 1 are the number of abrupt and gradual changes in a
video, respectively.

We evaluate the performance of our proposed approaches
by demonstrating that:

• The performance of GSMsim in terms of processing
speed is enough for a real time system.

• Our shot boundary detection technique using graph
matching can detect and classify accurately both abrupt
and gradual shot changes in video sequences.

• The proposed video abstraction technique produces
various levels and lengths of abstractions while pre-
serving main semantics.

Java2 SDK 1.4.2 and JMF 2.1e are used for these exper-
iments on an Intel Pentium IV 2.6 GHz CPU and 512 MB
memory computer.

5.1 Efficiency of Graph Similarity Measure
As stated in Section 2, the efficiencies of GSM and GSMsim

affect the performance of real time system since general
graph matching algorithms are known as NP-complete [3].
In order to verify the efficiencies of GSM and GSMsim, we
check their processing capacity, i.e., the number of processed
frames per second, when they run on the test videos with
different frame rates (Frame Per Second, FPS). First, we
digitize videos with 5 FPS, 10 FPS and 15 FPS. Then, the
SBD mentioned in Section 2.3 is performed for each digitized
sequence of frames using GSM and GSMsim for similarity
measures. Table 2 shows the results where each value is
the average number of frames per second processed during

the SBD. If the value is greater than corresponding FPS, it
is able to process video data in real time. Otherwise, the
processing will be delayed. As seen in Table 2, GSMsim is
applicable to video sequences with 5 FPS and 10 FPS, while
GSM is only for 5 FPS. This is because GSMsim is simpli-
fied by reducing searching area. Therefore, we use GSMsim

as similarity measure, and set up the system to process 10
frames for every second in our experiments.

Table 2: The average number of processed frames
per second for the SBD using GSM and GSMsim with
different frame rates: 5, 10, and 15 FPS.

Avg

No.
GSM GSMsim

5 FPS 10 FPS 15 FPS

7.75 8.01 8.21 10.97 11.96

5 FPS 15 FPS

11.41

10 FPS

1 7.8 8.1 8.1 10.8 12.211.0
2 7.5 7.9 8.0 10.5 10.810.8
3 8.0 8.3 8.5 11.0 12.511.8
4 7.0 7.2 7.3 10.2 10.910.5
5 8.2 8.5 9.0 11.3 12.912.0
6 7.8 8.0 8.1 12.1 12.912.4
7 7.5 7.8 7.9 10.6 10.810.7
8 8.2 8.3 8.8 11.3 12.712.1

5.2 Performance of Shot Boundary Detection
The performance of SBD is important for video abstrac-

tions since the proposed video abstraction algorithms are
based on the shots. In order to evaluate the effectiveness
of the proposed SBD using graph matching (GM-SBD), we
compare it with the SBD proposed by FXPAL Lab (FX-
PAL) [1], which has one of the best methods in TRECVID
2004. FXPAL combines pairwise similarities between im-
ages in the locality and supervised classification. All exper-
iments of GM-SBD are performed with Tcut = 0.2, while
FXPAL uses T = 4 for a threshold value and L = 5 for the
number of neighborhood frames without random projection.
We use ‘Recall’ and ‘Precision’ to verify the performance of
those techniques. The values of recall and precision are in
the range of [0, 1]. The higher recalls indicate a higher ca-
pacity of detecting correct shots, while the higher precisions
indicate a higher capacity of avoiding false matches.

The results are given in Table 3. As seen in Table 3, the
results of GM-SBD are almost the same as those of FXPAL.
We observe that the recalls and precisions of the proposed



SBD reach up to 94% and 90%, respectively, which indicate
that it is competitive with existing techniques, and even
consistent for different types of videos. In case of gradual
changes, GM-SBD is more accurate than FXPAL.

Table 3: Experimental results of SBD

Avg

No.

GM-SBD FXPAL

Abrupt change

Hr Hp

Gradual change

Hr Hp

Abrupt change

Hr Hp

Gradual change

Hr Hp

0.94 0.90 0.78 0.64 0.96 0.92 0.76 0.55

1
2
3
4
5
6

0.96 0.89 1.00 0.80 0.97 0.92 0.75 0.38
0.92 0.95 0.80 0.67 0.94 0.91 0.60 0.50
0.94 0.90 0.67 0.67 0.94 0.91 0.67 0.50

0.95 0.98 1.00 0.67 0.95 0.95 1.00 0.50
0.94 0.87 1.00 0.67 0.94 0.85 1.00 0.67

0.94 0.92 0.67 0.57 0.96 0.91 0.67 0.50

7
8

0.95 0.83 0.80 0.67 0.96 0.91 0.80 0.57
0.92 0.85 0.70 0.58 0.97 0.93 0.80 0.73

5.3 Evaluation of Video Abstractions
In order to evaluate the proposed dynamic video abstrac-

tions using video scenarios, two types of experimental results
are reported in this subsection: compression ratios and qual-
ity evaluations by reviewers. Since multi-level video high-
light is a special case of multi-length video summarizations
as mentioned in Section 4.2, we only perform the evaluation
of multi-length video summarization.

For the first evaluation, we generate various levels and
lengths of video summaries by using the proposed multi-
length video summarizations. Since each video has different
levels of scene tree, we choose the bottom level, medium level
and top level from each scene tree. We assign Level 1 to the
bottom level because Level 0 is the same as the original
video. However, the medium and top levels vary depending
on the video content. For each level, two thresholds for
summary length, i.e., Tlen = 1.0 and Tlen = 0.6, are used
to generate video summaries. Then, we compute the rate
between the number of frames in a summarized video and
the number of frames in an original video. Table 4 shows
compression ratios of summarized videos at various levels
and lengths. As seen in the Table 4, the compression ratios
of the test videos range from 1.4 % (Tlen = 1.0 at the top
Level) to 21.6 % (Tlen = 0.6 at the bottom level), which
means it reduces the size of original video significantly.

Table 4: Compression ratios of summarized video
clips at various levels and lengths

No.
Bottom Level Medium Level Top Level

Avg 2.1 % 21.6 % 1.9 % 18.0 % 1.4 % 9.8 %

Tlen = 1 Tlen= 0.6 Tlen= 1 Tlen= 0.6 Tlen = 1 Tlen= 0.6

1
2
3
4
5
6

2.3 % 24.1 % 2.1 % 19.5 % 1.6 % 10.5 %
1.8 % 17.6 % 1.6 % 15.3 % 1.1 % 7.2 %
2.3 % 21.3 % 1.9 % 17.6 % 1.5 % 9.4 %
2.0 % 20.0 % 1.8 % 16.2 % 1.2 % 7.8 %
1.8 % 18.4 % 1.6 % 16.3 % 1.0 % 8.1 %
2.3 % 25.1 % 2.0 % 20.8 % 1.5 % 12.7 %

7
8

2.5 % 26.1 % 2.0 % 19.8 % 1.7 % 13.4 %
2.1 % 20.5 % 1.8 % 18.8 % 1.2 % 9.6 %

For the second, we evaluate the quality of each summa-
rized video clip (highlight) since it is necessary for the sum-
mary to preserve the main semantic meaning of original
video. In this experiment, we generate 18 summaries. Each
test video in Table 1 is summarized into three different lev-
els of summaries, i.e., bottom, medium and top levels. All
summaries use Tlen = 0.6 as the threshold value for length.
Then, we invite five students as reviewers to watch the video
summaries. The reviewers watch the videos from the top
level to the bottom level, and then the original video. After
watching the summarized videos and original video, each re-
viewer answers two questions about the informativeness and
satisfaction of each summarized video. The questions given
to reviews are:

• Question 1 (Informativeness): How much of the con-
tent of the video clip do you understand?

• Question 2 (Satisfaction): How satisfactory is the
summarized video compared to the original one?

In order to quantitate the performance of the video sum-
marization, the reviewers assign two scores ranging from 0
to 10 to each video. A score of 0 means ‘Poor’ while a score
of 10 means ‘Excellent’. To be fair, the reviewers are given a
chance to modify the score any time during the review pro-
cess. Table 5 shows the results of the performance evaluation
of the video summarization from five reviewers by using a
percentage scale (%). Each non-parenthesis value is the av-
erage score of five reviewers, while each parenthesis value is
the standard deviation of assigned scores at each level. The
overall average scores and standard deviations are given at
the bottom of the table. As seen in Table 5, the overall av-
erage scores of informativeness are 82.5%, 64.8% and 22.0%
for summarized videos at bottom, medium and top levels,
respectively. The overall average scores of satisfaction are
80.8%, 65.5% and 29.8%, respectively.

Table 5: Performance evaluation of Video Summa-
rization from five reviewers

Avg
82.5 %

(9.3)
64.8 %
(12.6)

22.0 %
(6.6)

80.8 %
(9.9)

65.5 %
(10.1)

29.8 %
(10.2)

( ):  Standard deviation of Scores

No.
Informativeness Satisfaction

Bottom Medium Top Bottom Medium Top

1 82 %
(8.4)

72 %
(8.4)

26 %
(5.5)

82 %
(8.4)

72 %
(8.4)

34 %
(11.4)

2 86 %
(13.4)

64 %
(13.4)

18 %
(8.4)

82 %
(8.4)

68 %
(13.0)

30 %
(10.0)

3 86 %
(8.9)

68 %
(16.4)

18 %
(4.5)

84 %
(8.9)

64 %
(5.5)

30 %
(12.2)

4 94 %
(8.9)

76 %
(11.4)

32 %
(4.5)

94 %
(8.9)

74 %
(11.4)

38 %
(8.4)

5 78 %
(8.4)

60 %
(14.1)

22 %
(8.4)

80 %
(7.1)

66 %
(8.9)

34 %
(8.9)

6 92 %
(11.0)

68 %
(17.9)

24 %
(8.9)

86 %
(16.7)

68 %
(13.0)

30 %
(12.2)

7 72 %
(8.4)

54 %
(13.4)

20 %
(7.1)

70 %
(12.2)

56 %
(11.4)

22 %
(8.4)

8 70 %
(7.1)

56 %
(5.5)

16 %
(5.5)

68 %
(8.4)

56 %
(8.9)

20 %
(10.0)

For example, 80% of the original video is reduced by the
summarization at the bottom level (see Table 4). However,



the information of video content drops only around 17%,
and the user satisfaction is around 81% for the same level
summarization (see Table 5). Even, the summary at the
medium level keeps around 65% of information as well as
65% of user satisfaction, while the original video is com-
pressed to 18.0%. Specifically, the proposed summarization
works well in the test videos 1 to 6 which are based on the
scenarios. This is because the proposed video abstractions
are based on the scenario selection.

5.4 Effectiveness of AVAS system
The multi-level scenario selection and dynamic video ab-

stractions are fully implemented in AVAS (Automatic Video
Analysis System) as seen in Figure 7. The system has several
functions as follows: (a) Video panel shows a current frame
of input video clip, (b) Region segmentation panel shows the
result of region segmentation of (a), (c) RAG panel displays
the RAG of (b), (d) Scene tree panel shows the result of
scene tree construction, and (e) Control panel gives opera-
tional functions such as select, start, stop and summary of
a video.

(a) Video
(b) Region
     Segmentation
(c) RAG of  (b)

(e) Control Panel

(d) Scene Tree

Figure 7: Screenshot of Automatic Video Analysis
System (AVAS)

Dynamic video abstractions in AVAS generate video high-
lights and summaries with various levels and lengths. To
assess the effectiveness of AVAS system, we evaluate the
structure and the key frames for each level. Since it is dif-
ficult to quantify the quality of these scenarios, we show
one representative tree in Figure 8 (a). This scene tree was
built from a video clip “Divorce Court” (a test video #4 in
Table 1). The story is as follows. A judge and a woman
debate, then a man intervenes. If we travel the scene tree
from level to level, we get a similar story. For multi-length
video summaries, we use the scene tree above. We choose
level 1, 2, 3 and 4 with the same threshold value Tlen = 1. In
other words, we summarize the video into the shortest length
using only a single key frame for each shot. As shown in Fig-
ure 8 (b), the summaries with different levels have different
lengths and views. However, the main semantic (i.e., three
persons are discussing) is preserved in any level of summary
except the highest level (Level = 4).

6. CONCLUSIONS
In this paper, we have presented a graph-based approach

for video content analysis. The two main components in
the proposed approach are multi-level scenario generations

and dynamic video abstractions. In addition, we proposed
a graph-based shot boundary detection (SBD) algorithm to
segment a video into appropriate units. For shot detection,
we use a RAG of each frame, which represents spatial rela-
tionships among segmented regions. The recall and precision
of the proposed SBD reach up to 94% and 90%, respectively,
which indicate that its accuracy is competitive with exist-
ing techniques. The multi-level scenarios are generated by
using segmented shots and their scene tree. It can represent
the semantic complexity of video in various levels, and pro-
vide nonlinear browsing to a user. Using the scenarios, we
summarize a video in two ways: multi-level highlights and
multi-length summarizations. Our experimental studies in-
dicate the effectiveness of the proposed methods.
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