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The advances in computer and network infrastructure together with the fast evolution of multimedia
data has resulted in the growth of attention to the digital video’s development. The scientific community
has increased the amount of research into new technologies, with a view to improving the digital video
utilization: its archiving, indexing, accessibility, acquisition, store and even its process and usability. All
these parts of the video utilization entail the necessity of the extraction of all important information of a
video, especially in cases of lack of metadata information. The main goal of this paper is the construction
of a system that automatically generates and provides all the essential information, both in visual and
textual form, of a video. By using the visual or the textual information, a user is facilitated on the one
hand to locate a specific video and on the other hand is able to comprehend rapidly the basic points
and generally, the main concept of a video without the need to watch the whole of it. The visual infor-
mation of the system emanates from a video summarization method, while the textual one derives from
a key-word-based video annotation approach. The video annotation technique is based on the key-
frames, that constitute the video abstract and therefore, the first part of the system consists of the
new video summarization method.

According to the proposed video abstraction technique, initially, each frame of the video is described by
the Compact Composite Descriptors (CCDs) and a visual word histogram. Afterwards, the proposed
approach utilizes the Self-Growing and Self-Organized Neural Gas (SGONG) network, with a view to clas-
sifying the frames into clusters. The extraction of a representative key frame from every cluster leads to
the generation of the video abstract. The most significant advantage of the video summarization
approach is its ability to calculate dynamically the appropriate number of final clusters. In the sequel,
a new video annotation method is applied to the generated video summary leading to the automatic gen-
eration of key-words capable of describing the semantic content of the given video. This approach is
based on the recently proposed N-closest Photos Model (NCP). Experimental results on several videos
are presented not only to evaluate the proposed system but also to indicate its effectiveness.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Over the last years there has been observed an increasingly use
of multimedia data. This fact automatically entails that not only
the transmission but also the store and the process of the relevant
information are crucial. The digital video could be considered as
the most representative example of multimedia data. More partic-
ularly, every single day a quite large quantity of digital videos is
produced and therefore, the amount of information seems huge
and uncontrollable. Thus, video web sites have become over-
crowded, since they have to deal at the same time with this high
amount of data and with the visiting users. It is no coincidence that
in 2011, YouTube video-sharing website, had more than 1 trillion
views, while according to the official YouTube statistics,1 each
month, more than 4 billion hours of video are watched and over
800 million unique users accessed the site.

All these, result in the design and construction of many differ-
ent techniques, whose main goals could be summed up on the
one hand as the encoding/compression of digital videos aiming
to their store and transmission and on the other hand as the anal-
ysis of their visual content. As far as the second goal is concerned,
the interest of the researches can be considered that is focused on
methods, that are connected either with the generation of a repre-
sentative video abstraction or with an automatic annotation of the
semantic content of each single video (Larson et al., 2011; Money
and Agius, 2008).
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In the last decades a lot of significant approaches on the video
summarization field are observed (Bailer et al., 2008; Lie and
Hsu, 2008; Ma et al., 2003; Wang et al., 2000; Zhang and Chang,
2002). The main objective of these works is to facilitate the user
to decide rapidly and easily whether or not she/he is interested
in a video only by grasping the essential contents of it without
the need to watch the entire of it.

In the recent literature, there have been proposed two basic
forms of video summaries: key frames and video skims (Truong
and Venkatesh, 2007). Key Frames, also called representative
frames or R-frames, is a collection of salient images extracted from
the underlying video source. On the other hand, video skims, also
called a moving-image abstract, moving storyboard or summary
sequence, consist of a collection of video segments, and conse-
quently their corresponding audio, extracted from the original vi-
deo. The majority of techniques focus on the extraction of key
frames. Moreover, it is worth noting that the authors in Hanjalic
and Zhang (1999) combine these two approaches in order to gen-
erate a video summary.

Video summarization is either achieved using low level image
features (Borth et al., 2008; Kogler et al., 2009; Lux et al., 2009;
Yoo, 2008), audio features (Xu et al., 2003), textual elements (Ciocca
and Schettini, 2006), or by fusing features from several different
modalities (Huang et al., 2009; Matos and Pereira, 2008). In order
to comment on the effectiveness of the existing video summariza-
tion methods, it is worth noting that in a recent survey (Dumont
and Merialdo, 2008) the authors highlight that ‘video abstraction
is still largely in the research phase’. Additionally, the authors in
Money and Agius (2008), Truong and Venkatesh (2007) concluded
that the scale of deployment of the existing summarization meth-
ods is still quite limited in terms of practical applications.

Nowadays, searching for a video from a database, is a very dif-
ficult task and is strongly correlated with the quality of the ‘tags’
that accompanied it. Usually, these tags are created manually for
each single video, fact that implies a lot of problems. Undoubtedly,
the first problem constitutes the large quantity of videos to be
annotated, while the core difficulty derives either from the differ-
ent human perception or possibly from the variant content of the
videos. Additionally, the lack of a tag in a video can make the
searching procedure much more difficult or even impossible. In or-
der to enhance this operation, especially in cases with lack of meta-
data, quite few publications have appeared (Qi et al., 2007; Toderici
et al., 2010; Wu and Li, 2011). Most of these publications propose
automatic video annotation methods. In general, the annotation is
considered as a separate procedure, in which an autonomous sys-
tem assigns automatically metadata of a digital image or a digital
video in the form of tags or keywords. In most cases, the generated
tags are associated with the genre of the video, aiming to their clas-
sification (Montagnuolo and Messina, 2009). However, most of
them lead to focus only on one kind of genre (Glasberg et al.,
2005; Takagi et al., 2003). In Chen et al. (2010) authors proposed
a different approach, in which the automatically recommended
tags are oriented by the context of the video. It is no coincidence
that in 2010 and 2011, the Media-Eval Benchmark incorporated
into its workshops tasks about the automatically assignment of
tags to on-line videos (Larson et al., 2011a, 2011b).

In this paper, a different approach for the automatic generation
of all the necessary information, both in visual and textual form, of
a video is presented. Our approach provides, on the one hand, vi-
sual information about the video, by proposing a video summariza-
tion method and on the other hand, information in textual form, by
utilizing a tag recommendation technique. These methods are
inextricable linked since the video summarization method aims
to the extraction of key-frames, while the annotation method relies
on the visual information emanating from the extracted key-
frames. However, in order for the operation of the whole system
to be clarified, the two methods that constitute the system should
be analysed separately.

As far as the video summarization method, it should be noted
that the video abstraction problem is expanded to a single query
image retrieval problem (Kalogeiton et al., 2010; Papadopoulos
et al., 2011). The main goal of this approach is the extraction of
key-frames using low-level features from the visual content of
the video images. More particularly, the video is considered as a se-
quence of frames. Each frame is considered as a separate image and
is described by the recently proposed Compact Composite Descrip-
tors (CCDs) (Chatzichristofis and Boutalis, 2011) and from a histo-
gram of visual-words (VWs) (Cula and Dana, 2001). More details
about CCDs as well as about VWs are given in Section 2. After-
wards, aiming to the construction of the desired video summariza-
tion, an artificial image is generated dynamically from the video,
that is capable of describing its whole content. Then, the distance
of the low-level features of each single frame from the correspond-
ing low-level features of this artificially generated image is calcu-
lated. These distances are inserted as inputs in a Self-Growing
and Self-Organized Neural Gas (SGONG) (Atsalakis and Papamarkos,
2006) network, given that the SGONG network has the ability not
only to calculate the optimal number of output neurons but also to
classify each frame of the original video to the most suitable con-
structed cluster. SGONG is analysed in depth in Section 3. This pro-
cedure results in the creation of the video summary, since the
frame that is located nearest to the center of a cluster is considered
to be the most suitable and representative of the whole cluster.
Consequently, the total of these representative frames constitute
the key-frames of the video and therefore, the video abstraction
consists of the total of these key-frames.

The extraction of the video summarization is followed by the
proposed annotation procedure. This method is based mainly on
the recently proposed approach introduced in Lux et al. (2010),
in which for every video to be annotated a set of key-words/ tags,
that are capable of describing the whole video, is proposed to the
user. This technique combines a statistic method, based on the
tag co-occurrence to images, with the utilization of global low-
level visual features. The video annotation method introduced in
this paper exploits also the N-closest Photos Model (NCP) (Lux
et al. (2010)). According to this model, the user is supposed to in-
sert at least one word that describes the video. The main condition
of this model is the access to a large collection of already tagged
images. Popular photo sharing websites, like Flickr,2 could consti-
tute a suitable source for such images, given that they can be ac-
cessed for free not to mention the fact that they offer a huge
amount of annotated images. The next step consists of the retrieval
of a group of images, based on an inserted annotation key-word/ tag.
These images are then compared to the key-frames of the specific vi-
deo, according to their CCDs description as well as using late fusion
techniques. As a goal is considered the choice of a subset of images
that are similar to the key-frames. Finally, given the tags of the al-
ready chosen similar images, the frequency of occurrence of each
single tag/key-word is calculated, that results in the isolation of
the most frequent words. These words set the total of the, recom-
mended for every user, tags. More details about the proposed ap-
proach are given in Section 4.

In order for the performance of the proposed system to be eval-
uated, it is essential to examine the results of the two proposed
methods separately, given that there is not a universal ground
truth set for video summarization and annotation. As a conse-
quence, the evaluation of the summarization approach takes place
by comparing the results for a constructed video collection of the
proposed methodology with the results obtained from two other
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well-known methods, in terms of some important metrics: the
fidelity measure and the compression rate. The efficiency of the vi-
deo annotation technique is evaluated by comparing the automat-
ically generated results to the ones a user study, which was held in
the context of this work, provided. The evaluation procedure is dis-
cussed with more details in Section 5. Finally, the conclusions and
some future lines of investigation are drawn in Section 6.

2. Low-level image features

The description of the visual content of each single video frame
is achieved by using only low-level features. As low-level features
the CCDs and the histogram of VWs were chosen, which are de-
scribed with more details in Sections 2.1 and 2.2 respectively.

2.1. Compact Composite Descriptors

The family of Compact Composite Descriptors (CCDs) includes
descriptors for three different types of images. More particularly,
two descriptors are utilized in order to describe natural color
images, one descriptor to describe grayscale images and one is
used for the description of artificially generated images. Thus, the
family of CCDs consists of the following four descriptors:

1. the Color and Edge Directivity Descriptor (CEDD) (Chatzichristofis
et al., 2010)

2. the Fuzzy Color and Texture Histogram (FCTH) (Chatzichristofis
et al., 2010),

3. the Brightness and Texture Directionality Histogram (BTDH)
descriptor (Chatzichristofis and Boutalis, 2010) and

4. the Spatial Color Distribution Descriptor (SpCD) (Chatzichristofis
et al., 2010)

As mentioned above, the Color and Edge Directivity Descriptor
(CEDD) and the Fuzzy Color and Texture Histogram (FCTH) have
been designed mainly with a view to being applied to natural color
images. CEDD has already been used for video summarization in
several other approaches e.g. (Guan et al., 2012; Kogler et al.,
2009; Lux et al., 2009). CEDD uses a 6-Bin histogram to describe
the texture information of an image block. To extract this informa-
tion, CEDD utilizes a fuzzy system which is based on the digital fil-
ters proposed in MPEG-7 Edge Histogram Descriptor. Moreover,
CEDD utilizes a 24-Bin color histogram calculated from a fuzzy-
linking system. Therefore, the final histogram includes 6 �
24 = 144 bins and the length of CEDD is 54 bytes/image. On the
other hand, FCTH uses an 8-Bin histogram to describe texture
information which is calculated using a fuzzy approach of the Haar
wavelet transform. In order to calculate the color information,
FCTH uses the same color histogram used in the case of CEDD. As
a result, the final histogram of FCTH includes 8 � 24 = 192 bins
and FCTH length is 72 bytes/image. These two descriptors are able
to be combined into a new descriptor. This descriptor, which is
called Joint Composite Descriptor (JCD), is constructed by the early
fusion of CEDD and FCTH and combines the advantages of both two
descriptors (Chatzichristofis et al., 2010).

The Brightness and Texture Directionality Histogram (BTDH)
descriptor can be used in order to retrieve radiological medical
images and in general grayscale images. The BTDH descriptor com-
bines brightness and texture features as well as the spatial distri-
bution of these features. In particular, a two unit fuzzy system is
introduced in order to extract the BTDH descriptor; the first unit
classifies the brightness value of the image’s pixels into clusters
in order to extract the brightness information using Gustafson
and Kessel (1978) fuzzy classifier while the second one produces
texture information using a fuzzy approach of the Tamura direc-
tionality histogram (Tamura et al., 1978).
The Spatial Color Distribution Descriptor (SpCD) is able to de-
scribe mainly artificially generated images combining color and
spatial color distribution information. This descriptor extracts the
color information using a fuzzy-linking system that reduces the
scale of the image into 8 preset colors. In addition, SpCD captures
the spatial distribution of the color by dividing the image into 8
sub-images of 4 � 4 pixels. Finally, a 48-dimensional vector is cre-
ated, where the values of each element are quantized and demands
1 byte each one. Thus, the length of SpCD does not exceed the
48 bytes/image.
2.2. Bag of visual words

The local features represent the optical content of images using
points of interests. Generally, local-feature techniques provide
slightly better results in content based image retrieval than glo-
bal-feature approaches (Aly et al., 2009). Content based image re-
trieval with global features is notoriously noisy for image queries
of low generality (Arampatzis et al., 2011). However, the local fea-
tures demand a quite high computational cost (Popescu et al.,
2009), fact that results in the frequent use of the global features
in content based image retrieval systems.

The bag-of-visual-words (BOVW) approach is inspired by the
model of bag-of-words which is a widely used method in informa-
tion retrieval and particularly in document retrieval. As far as
document retrieval is concerned, according to the bag-of-words-
model, a document is represented by a set of discrete keywords.
The same consideration is followed in the BOVW model, where
an image is represented by a set of discrete local features, widely
known as visual words.

The procedure of the BOVW model begins with the extraction of
the local features, which are clustered into a predefined number of
clusters. The center of the clusters are actually corresponded to
visual words. The visual vocabulary, which is formed by the set
of visual words, is called codebook. In the next step of the proce-
dure, the local features of each new image added in the collection
should be calculated as it accomplished during the codebook crea-
tion. These features have to be assigned to the best fitting visual
word from the pre-built codebook. Finally, by the end of this pro-
cedure, a local feature histogram is constructed for each and every
image in the collection.

In literature, a quite amount of works, which focus on enhanc-
ing the BOVW model, has been observed (Deselaers et al., 2008;
Hou et al., 2010; Jiang et al., 2007; Kogler and Lux, 2010; Li et al.,
2008). In this paper, a visual word (VW) histogram with a universal
codebook is used. As a collection, the ImageCLEF 2010/2011 Wiki-
pedia test collection is selected and from all its 237434 images the
SURF (Bay et al., 2008) local features are extracted. Then, 100.000
descriptors are randomly selected with a view to constructing
the required visual words. Therefore, SURF descriptors are classify-
ing into 256 unique clusters using the k-means classifier. The cor-
responding mean vectors of each cluster are the visual words,
which actually constitute the produced codebook.

In order to create the histogram of visual words, for every image
(frame of the video) the same local features, namely the SURF fea-
tures are extracted. These features are assigned to the best fitting
visual word from the pre-built codebook. The assignment proce-
dure takes place using the simple nearest neighbour method.
3. Dynamic/adaptive key-frame-based video summarization

One of the most significant issues in the key-frame-based video
abstraction task is the selection of the number of the extracted key-
frames. In the proposed method, the Self-Growing and Self-Orga-
nized Neural Gas (SGONG) Network is employed for the calculation
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of the appropriate number of the final key-frames. This neural clas-
sifier has already been successfully applied in image reduction
(Atsalakis and Papamarkos, 2006), in hand gesture recognition
(Stergiopoulou and Papamarkos, 2009) and in image retrieval
(Chatzichristofis et al., 2013) tasks. SGONG successfully combines
the deployment mechanism of the Growing Neural Gas (GNG)
(Fritzke, 1995) and the ability of the Kohonen Self-Organized Fea-
ture Map (SOFM) (Kohonen, 1990) to stabilize the classes centres
of gravity. SGONG is an unsupervised neural network and is capable
of clustering the input data, so as the distance of the data items
within the same class (intra-cluster variance) is small enough to
constitute a class and so as the distance of the data items stemming
from different classes (inter-cluster variance) is large. The main
advantage of the SGONG network is its efficiency to automatically
adapt and adjust the number, the connections and the topology of
output neurons. These aforementioned SGONG’s abilities determine
it as the appropriate classifier for the desired task.

The SGONG network consists of only two fully-connected lay-
ers: the input and the output mapping layer. The procedure of
the network’s unsupervised training begins with the random
placement of only two neurons in the output layer. The gradual in-
crease in the number of neurons results in the gradual reduction of
the radius of each neuron’s neighbourhood. The introduction of
new neurons aims to reduce the total quantization error at the
end of each epoch. Thus, at the end of each season, the SGONG clas-
sifier introduces three new criteria that enhance the convergence,
the growing and the topology of the network. These criteria are:

1. Remove the inactive neurons.
2. Add new neurons. The new neuron is added near to this one

with the maximum contribution in quantization error.
3. Remove the unimportant neurons. Remove the neuron that is

close enough to its neighboring neurons.

The connections between the neurons are created dynamically,
and their length may be modified by utilizing the Competitive Heb-
bian Rule (CHR) (Martinetz and Schulten, 1994). After the end of
the training, the weights of the output neurons define the corre-
sponding centers’ coordinates of the desired classes. As mentioned
before, the clustering procedure corresponds to the scene detection
process, fact that practically means that the constructed classes
correspond to the scenes of the video.

3.1. SGONG’s training procedure

In order to describe the training procedure of the SGONG net-
work, some significant parameters have to be defined. Let Xp be
the input vector space, where p is the dimension of the n input vec-
tors. The vector Xj, j 2 [1,n] of input space Xp equals to
[xj,0,xj,1, . . . ,xj,p�1]T.

The connections of the neuron i with the p input signals are
achieved through an equal number of synapses. The synapses of
the neuron i are expressed with weight coefficients wi,0,wi,1, -
. . . ,wi,p�1 and are described in vector form in Eq. (1).

Wi ¼ ½wi;0;wi;1; . . . ;wi;p�1�T ; i ¼ 0;1; . . . ; c � 1 ð1Þ

where c is the number of output neurons in each step.
For each neuron i, a local counter Ni that indicates the number

of vectors that have been classified to the neuron i is defined.
Two accumulated error variables Eð1Þi and Eð2Þi are also defined for
each neuron i, where Eð1Þi describes the quantity of the total quan-
tization error that corresponds to neuron i, while Eð2Þi represents
the increment of the total quantization error if the neuron i is re-
moved. The parameter Nidle determines the required number of
consecutive vectors that should be classified to a class in order
for a neuron to be characterized as well-trained.
At the beginning of the training procedure, the lattice of output
neurons has only two connected neurons (c = 2). The initial posi-
tions of these neurons, namely the initial values of the weight vec-
tors Wi, i = 1, 2, are initialized by randomly selecting two different
vectors from the input space Xp. The local counters Ni, i = 1, 2 of
these neurons are set to zero. All the vectors of the training data
set Xp are circularly used for the training of the SGONG network.

The training steps of the SGONG network are as follows:

Step I At the beginning of each epoch, the accumulated
errors Eð1Þi and Eð2Þi are set to zero and a sample Xj from
the input space Xp is selected.

Step II For a given input vector Xj, the first and the second
winner neurons wn1 and wn2 are obtained according
to:
kXj �Wwn1k 6 kXj �Wik; 8i 2 ½1; c� ð2Þ
kXj �Wwn2k 6 kXj �Wik; 8i 2 ½1; c� and i – wn1 ð3Þ
Step III The local variables Eð1Þwn1
; Eð2Þwn1

and the time variable
Nwn1 change their values according to the equations:
Eð1Þwn1
ðt þ 1Þ ¼ Eð1Þwn1

ðtÞ þ kXj �Wwn1k ð4Þ
Eð2Þwn1
ðt þ 1Þ ¼ Eð2Þwn1

ðtÞ þ kXj �Wwn2k ð5Þ
Nwn1 ðt þ 1Þ ¼ Nwn1 ðtÞ þ 1 ð6Þ
Step IV If Nwn1 6 Nidle then the local learning rates e1wn1 and
e2wn1 change their values according to Eqs. (7)–(9).
Otherwise, the local learning rates have the constant
values e1wn1 ¼ e1min and e2wn1 ¼ 0.
e1wn1 ¼ e1max þ e1min � e1min �
e1max

e1min

� �Nwn1
Nidle ð7Þ

rwn1 ¼ rmax þ rmax �
1

rmax

� �Nwn1
Nidle ð8Þ

e2wn1 ¼ e1wn1 �
1

rwn1

ð9Þ
The learning rate e1i is applied to the weights of neuron
i if this is the winner neuron (i = wn1), while e2i is ap-
plied to the weights of neuron i if i belongs to the neigh-
borhood domain of the winner neuron (i 2 nei(wn1)).
The learning rate e2i is used in order to have soft com-
petitive effects between the output neurons, meaning
the moving of a neuron towards the input vectors influ-
ences the position of its neighboring neurons. The val-
ues of the learning rates e1i and e2i are not constant but
they are reduced according to the local counter Ni.
Thus, the potential ability of the plasticity of the neuron
i towards an input vector is reduced with time. Both
learning rates change their values from maximum to
minimum value, in a period, defined by the Nidle param-
eter. The variable rwn1 initially takes its minimum value
rmin = 1 and finally reaches its maximum value rmax.

Step V In accordance with the KSOFM, the weight vector of
the winner neuron wn1 and the weight vectors of its
neighboring neurons m, 8m 2 neiðwwn1 Þ, are adapted
according to the following Eqs. (10), (11):
Wwn1 ðtþ1Þ¼Wwn1 ðtÞþe1wn1 � ðXj�Wwn1 ðtÞÞ ð10Þ
Wmðtþ1Þ¼WmðtÞþe2m � ðXj�WmðtÞÞ; 8m2neiðwn1Þ ð11Þ
Step VI With regard to the generation of lateral connections,
SGONG employs a strategy similar to the GNG network.
The CHR is applied with a view to creating or removing
connections between neurons. A c � c matrix si,j is
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constructed in order to describe the neighboring
relations among the existed classes Wi, i = 1,2, . . . ,c.
As soon as the neurons wn1 and wn2 are detected, the
connection between them is initialized, i.e:
swn1 ;wn2 ¼ 0 and swn2 ;wn1 ¼ 0 ð12Þ
With the purpose of removing superfluous lateral con-
nections, the age of all connections emanating from
neuron wn1, except for the connection with neuron
wn2, is increased by one:
swn1 ;m ¼ swn1 ;m þ 1; 8m

2 neiðwn1Þ; with m – wn2 ð13Þ
Step VII At the end of each epoch, it is examined if all neurons
are in idle state, or equivalently, if all the local coun-
ters Ni,i/in[1,c] are greater than the predefined value
Nidle, and the neurons are considered ‘well trained’. In
this case, the training procedure stops, and the con-
vergence of the SGONG network is assumed. This
strategy is a trick to overcome the long time training
procedure until the actual convergence. The number
of input vectors needed for a neuron to reach the idle
state influences the convergence speed of the pro-
posed technique. If the training procedure continues,
the lateral connections between neurons, with age
greater than the maximum value Maxage, are removed
as described in Eq. (14):
8i; j 2 ½1;2; . . . ; c� : si;j > Maxage ) si;j ¼ �1 ð14Þ
The final lateral connections at the end of each epoch
for neuron i are given by Eq. (15):
neiðiÞ ¼ fj 2 ½1;2; . . . ; c� : 0 6 si;j 6 Maxageg ð15Þ
Due to dynamic generation or removal of lateral con-
nections, the neighborhood domain of each neuron
changes with time in order to include neurons that
are topologically adjacent.
Step VIII At the end of each epoch, the three pre-mentioned cri-
teria are applied, that modify the number of the out-
put neurons c.

In the same way that all neural networks operate, the training
of the SGONG network is based on the proper setting of some
important and yet crucial parameters. SGONG, have several thresh-
olds and parameters: we used them with the default values and did
not test the impact of changing some of them.
4. Proposed method

The system proposed in this paper concludes to a key-frame-
based video summary (visual information) and to the proper key-
word-based video annotation (textual information). The key-
frames emanate from a novel video summarization method, while
the textual information derives from a video annotation method
based on the extracted video abstraction.

Consequently, in order for the system’s operation to be clarified,
it is essential that both the methods, of which the system consists,
are described separately. Therefore, this section starts with the
analysis of the proposed video summarization method by clarify-
ing its basic steps and afterwards, the proposed video annotation
approach follows. Both the methods and hence, the whole pro-
posed system are artistically represented step by step in Fig. 1.
The construction of the video summary starts with the decom-
position of the video into frames. Each extracted frame is consid-
ered as a separate and independent image. Then, as
demonstrated in the second step of Fig. 1, the dynamic generation
of an artificial image follows. This image is capable of describing
the whole content of the video. The main goal of this image is to
be used as a ‘reference’ point for all the video frames, and hence,
for the sake of convenience will be called reference image. The value
of each pixel of this reference image is described by the following
equations:

FðR;G;BÞx;y ¼
XN

F¼1

pFrameðR;G;BÞx;y ð16Þ

pðR;G;BÞx;y ¼ pMaxðFðR;G;BÞx;yÞðR;G;BÞx;y ð17Þ
where F(R,G,B)x,y is the number of pixels that can be found in the
position x, y and their values is pFrame(R,G,B)x,y. The (R,G,B) value
of the pixel of the reference image in a position x, y equals to the
value (R,G,B) of the pixels that have the higher F(R,G,B)x,y. This
means that the determination of the value of each pixel of the ref-
erence image depends on the value of all other pixels of the video
frames/ images. More particularly, a uniform color quantization to
the frames of the video takes place, using a color pallet that consists
of 216 unique colors. Hence, each pixel of the reference image is the
corresponding most frequent pixel of all the color quantized frames.

Given that the proposed work aims at a practical application,
the computational cost should be low. Thus, in order to make the
algorithm more efficient as well as to avoid ‘out of memory’ prob-
lems, only the calculation of the reference image takes place by
resizing all the video frames into a smaller size. The size of each
frame is set to be 128 � 128 pixels, as a compromise between
the image detail and the computational demand.

What is more, it is worth noting that we have employed several
different techniques in order to produce the reference image. The
presented one was chosen as a compromise between the computa-
tional demand and the effectiveness of the approach.

In the sequel, as illustrated in the third step of Fig. 1, the CCDs as
well as the VWs histogram for each frame of the video are calculated.
The extracted CCDs descriptors are the Joint Composite Descriptor
(JCD), the Brightness and Texture Directionality Histogram (BTDH)
descriptor and the Spatial Color Distribution Descriptor (SpCD).

As it has already been mentioned, in our approach, the problem
of video summarization is expanded to a single query image retrie-
val problem. The reference image, is used as query image. All the
frames of the video are sorted to a ranking list according to the dis-
tances between their descriptors and the corresponding reference
image’s descriptor. Given that for each single video frame 4 differ-
ent vectors-JCD, BTDH, SpCD, VWs-are calculated, this retrieval
process is repeating for every one of them. Thus, at the end 4 dif-
ferent ranking lists are created and each one of them contains all
video frames. The distance between the CCDs is calculated using
nonbinary Tanimoto coefficient (Tanimoto and Yoshimoto, 1982):

Dði; jÞ ¼ Tij ¼ tðxi; xjÞ ¼
xT

i xj

xT
i xi þ xT

j xj � xT
i xj

ð18Þ
where xT is the transpose vector of the descriptor x. In the absolute
congruence of the vectors, the Tanimoto coefficient takes the value
1, while in the maximum deviation the coefficient tends to 0. This
coefficient indicates the number of common features of the two
vectors per the number of features which belong either in one or
in the other vector but not in both of them simultaneously. On
the other hand, the distance between the visual word’s histograms,
is calculated using the euclidean distance.



Fig. 1. An artistic representation of the proposed method.
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The classification of the video frames follows; This classification
is implemented using the SGONG network. To begin with, the
SGONG network is fed by the calculated-as described before-dis-
tances between the descriptors. In other words, each frame is
described by a 4-dimensional vector. Each dimension corresponds
to the distance of a descriptor between the current frame and the
reference image. Overall, if a video consist of Fr frames, SGONG
network takes as input Fr different 4-dimensional vectors.

After the training procedure, SGONG network results in the con-
struction of the desired output neurons. The weights of these neu-
rons define the centers of the clusters not to mention the fact that
each cluster represents a video ‘scene’. Then, for each cluster the
frame located nearest to the cluster center, as it results from the
SGONG classifier, constitutes the key-frame of the cluster. This
key-frame describes the cluster, since it is considered to be the
most representative one in the same way that the total of clus-
ters/‘scenes’ describe the whole video. What is more, as mentioned
in Section 3, the SGONG has the ability to adjust the number of cre-
ated neurons and their topology in an automatic way, fact that
automatically entails that the proposed approach is able to calcu-
late dynamically the appropriate number of clusters, and therefore
the appropriate number of key-frames. Both the classification of
the video frames and the extraction of the most representative
key-frames of the video are depicted respectively in the fourth
and fifth images of Fig. 1.

In that way, the extracted key-frames constitute the desired vi-
sual representation of the basic points of the video and compose a
video summary. Apart from the visual information of the video
deriving from the aforementioned video summarization method,
in this paper the textual information of a video is also taken into
account. Therefore, a method for video annotation is introduced.
The main advantage of this annotation technique is that uses
key-words/tags to annotate the video as well as is based both on
the extracted summary, as mentioned earlier in this Section, as
long as on a recently proposed approach for image annotation, that
utilizes the NCP Model.

To begin with, the second part of the proposed system, namely
the automatic annotation approach, utilizes the textual informa-
tion of collections that contain already annotated images. Popular
photo sharing websites, like Flickr, could constitute suitable source
for such images, given that they can be accessed for free not to
mention the fact that they offer a huge amount of manually anno-
tated images. The method receives all the necessary textual infor-
mation from such a collection and then, processes this information
and finally, maintain only the information that regards to the
semantic content of the given video.

The unique demand of the proposed annotation method is the
manual insertion of one word/ tag that describes the video. This
word is used as a query word, so that the method can retrieve a
number of G images from the collection, i.e. Flickr, based on this
word. The number G is crucial, since it should be selected as a com-
promise between the efficiency of the method and its effectiveness.
The G retrieved images are described by the JCD, the BTDH and the
SpCD descriptor. The insertion of the word together with the utili-
zation of the already annotated G Flickr images are presented in
steps 6 � 8 in Fig. 1.

For brevity, let us consider that the number of the extracted-
from the summarization method-key-frames is N. Consequently,
each key-frame is described once more by the CCDs and then each
one of them is used as query image for all the G already retrieved
from the Flickr images. The result of this procedure is the classifi-
cation of the G images into ranking lists. The classification of these
G images takes place according to their distance from each one of
the N key-frames. Once more, the distance is calculated with the
Tanimoto coefficient.

As a result, for each one of the N key-frames 3 ranking lists are
constructed, since each key-frame is described by the 3 descriptors.
These ranking lists contain all the G retrieved images of the-Flickr-
collection sorted by their distances from the corresponding key-
frame. The procedure continues with a late fusion technique.

The late fusion technique is used so that the 3 ranking lists for
each key-frame merge into one. In the literature, there has been
proposed a lot of linear methods for late fusion such as Comb
SUM, Borda Count, IRP and the Z-score. In a resent publication
(Chatzichristofis and Arampatzis, 2010), all the aforementioned
late fusion techniques were applied to CCDs and it was experimen-
tally proven, that the most efficient and suitable method for the
CCDs is Z-score (Chatzichristofis et al., 2010). This technique in-
volves score distributions (SD) in order to merge all lists into a final
one and then the results, namely the scores, are normalized into a
number of standard deviations depending on whether these scores
are higher or lower than the mean score.

In particular, this technique could be described as follows: For
each one of the N key-frames there have been constructed 3
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ranking lists, each one of which corresponds to one descriptor (JCD,
BTDH and SpCD). Thus, for each frame i of the G Flickr images the 3
Z-scores are calculated-one for each ranking list-according to the
following equation:

s0ðiÞ ¼ sðiÞ � l
d

ð19Þ

where s(i) is the distance of the i image from the query image, l is
the mean value of all distances and the variable d represents the
standard deviation.

Finally, the mean value of the 3 calculated Z-scores of every im-
age are sorted to a new ranking list. Hence, the final ranking list is
nothing more than a simple list, that actually consists of the G
mean Z-scores-one for each G image-and represents the distance
of every G image from the corresponding key-frame. Given that
there is a number N of key-frames, the number of the produced
ranking list equals to the number of key-frames, i.e. to N.

Thereafter, a subset K of the G images is selected. The K selected
images (K # G) are the most similar based on their content to the
key-frames of the video. This similarity is actually determined by
the retrieval process as well as the late fusion process, as described
earlier in this Section. Then, for each of the K selected images their
tags/words are extracted. These tags are also sorted into an array
according to their frequency of occurrence to the K images and in
the end a number C of tags/ words is selected, that corresponds
to the most frequently occurring tags. This process takes place N
times, one for each video key-frame, fact that results in the extrac-
tion of C words/tags for each key-frame.

Based on this process, the total frequency of occurrence of each
C word is calculated. As a result, all these C words are sorted to a
new ranking list according to their frequency of occurrence and
only a subset T of these words is chosen as the most suitable and
proper subset of tags to describe the video. Consequently, this T
subset of words is used to annotate the video and it is also the
group of words that is proposed as an annotation entry.

In this way, the desired construction of the automatic video
annotation process, that proposes suitable key-words/tags, is
accomplished. The key-frames retrieval from the G Flickr images
in conjunction with the extraction of the final textual information
are illustrated in the images with the caption 9 in Fig. 1.
5. Experimental results and evaluation metrics

In order to evaluate the proposed system it is considered as
quite crucial to examine the results of the two methods (summari-
zation and annotation) separately.

5.1. Video summarization experimental results

One of the most challenging topics in the video summarization
field is that of evaluating the generated summary, namely the qual-
ity of the extracted key-frames. Although the issues of key-frame
extraction and video summarization have been intensively ad-
dressed, to our knowledge, there is no standard method to evaluate
the effectiveness of a method (Ma et al., 2003). This is due to the fact
that the assessment of the quality of a video summary is a strong
subjective task and therefore, there is not a consistent evaluation
framework in video abstraction. According to (Xu et al., 2005), the
summarization techniques preferably should be evaluated against
other existing methods. However, since it is very difficult to do
any programmatic or simulated comparison to obtain accurate
evaluations, especially ones consistent with human perception,
each study has its own evaluation technique. Observing the existing
evaluation methods, these can be divided into three different cate-
gories: result description, objective metrics and user studies.
The result description usually refers to the influence of the sys-
tem parameters on the generated key-frame set (Zhang et al., 2003;
Yu et al., 2004) and usually does not involve comparison with other
methods. In objective metrics, some metric functions are used to
compare the extracted key-frames with the ones generated by
other techniques or the same method with different parameters
(Xu et al., 2005). The third category involves independent users that
are called to judge how representative the produced key-frames are
(Drew and Au, 2000; Wang et al., 2010). This evaluation category is
probably the most realistic, given that it takes into account the hu-
man perception. However, in these evaluation approaches the risk
of high subjectiveness lurks not to mention that they can not be
used to evaluate a video sequence automatically.

Based on the pre-mentioned challenges, the evaluation proce-
dure in this paper is characterized as a general, direct, with low-le-
vel computational cost and more objective evaluation, in which
different videos were selected and their key-frame-based summa-
ries were compared with other known in the literature methods by
using some metrics: the, widely used, Fidelity measure (Chang
et al., 1999) and the compression ratio (CR). The first one is used gi-
ven that it employs a global strategy while the second one judges
the compactness of the produced summary.

I. Fidelity: The Fidelity measure compares each extracted
key-frame with all frames of the video. Let assume that the video
Vt that starts at time t contains NF frames F, as described in
Eq. (20).

Vt ¼ fFðt þ nÞ; n ¼ 0;1; . . . ;NF � 1g ð20Þ

and, let KFt describe the set of, as in the previous Section, the N pro-
duced key-frames FKF:

KFt ¼ fFKFðt þ nkÞ; nk ¼ 0;1; . . . ;N � 1g ð21Þ

Then, the semi-Hausdorff distance between the video Vt and the set
of key frames KFt is defined as:

dsHðVt ;KFtÞ ¼max
n
fdðFðt þ nÞ;KFtÞjn 2 ½0;NÞg ð22Þ

where d refers to the distance between the set of key frames KFt and
a frame F 2 Vt and is defined as:

dðFðt þ nÞ;KFtÞ ¼min
i
fDiff ðFðt þ nÞ; FKFðt þ niÞÞjj 2 ½1;N�g ð23Þ

where Diff() is a frame difference measure. In this paper, the Tanim-
oto coefficient, as described in Eq. (18), was used in order to calcu-
late the difference between the CEDD descriptors of the key-frames
set KFt with the CEDD descriptors all video V frames F.

In that way, the Fidelity measure is finally calculated as:

FidelityðVt ;KFtÞ ¼ MaxDiff � dsHðVt;KFtÞ ð24Þ

where MaxDiff refers to the largest possible value of the Diff(). The
higher the values of Fidelity are, the better the extracted key-frames
KFt describe and represent the visual content of the video V and vice
versa. Fig. 2 illustrates a visual representation of the Fidelity
measure.

II. Compression rate: The compression rate refers to the com-
pactness of the video summarization: It indicates whether or not
the produced abstraction consists of an unnecessarily high number
of key frames; namely, it gives an indication of the size of the sum-
mary with respect to the original content. For this reason, it is com-
puted by dividing the number of the extracted key-frames N by the
number of the frames NF of a given video Vt and defined as:



Fig. 2. A visual representation of the Fidelity measure. Each frame of the video is compared with each one of the extracted key-frames.
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CRðVtÞ ¼ 1� N
NF

ð25Þ

High compression rate values indicate that the generated key-
frames are in good proportion to the number of the video frames.

After describing the metrics used for the evaluation process it is
essential to examine the video dataset, given that in order for the
experiments to be carried out it is necessary for a video collection
to be used. However, to the best of our knowledge, unlike other re-
search areas such as object detection and recognition, there is not
an universally-used video collection that provides ground truth re-
sults for video summarization. The lack of a objective ground truth
collection dataset necessitates the creation and hence, the utiliza-
tion of a new video collection.

Thus, in the context of this work, a dataset with ten videos
downloaded from the Open Video Projects shared digital video
repository (Ueda et al., 1991) was created. The produced collection
together with some characteristics, i.e. the duration and the num-
Table 1
Collection of 10 videos from the open video project. The title, the duration and the NF

number of frames of each video are presented.

ID Title Length NF

1 A New Horizon, Segment 5 118s 3562
2 A New Horizon, Segment 8 60s 1816
3 America’s New Frontier, Segment 3 72s 2170
4 America’s New Frontier, Segment 4 123s 3705
5 America’s New Frontier, Segment 10 161s 4837
6 Drift Ice as a Geologic Agent, Segment 5 73s 2197
7 Drift Ice as a Geologic Agent, Segment 7 65s 1960
8 Drift Ice as a Geologic Agent, Segment 10 46s 1408
9 The Future of Energy Gases, Segment 3 98s 2938
10 The Voyage of the Lee, Segment 15 76s 2290

Table 2
Fidelity and compression rate results of the proposed summarization method (PM), the o

Video ID Fidelity measure Compres

PM OV DT PM

1 73.23 73.31 55.93 99.72
2 68.16 50.42 29.33 99.61
3 97.21 95.69 92.20 99.81
4 62.41 37.29 7.87 99.81
5 64.72 51.11 55.09 99.77
6 71.72 74.27 60.44 99.72
7 89.11 72.43 29.89 99.85
8 76.56 91.06 84.77 99.71
9 93.49 91.88 20.40 99.72
10 39.04 35.16 8.47 99.56
Average: 73.57 67.26 44.44 99.73
ber of frames NF, of the videos are shown in Table 1. All videos are
assigned as excerpts from documentaries, while the average length
is approximately 89s.

As a result, in order to evaluate the proposed system the pre-
mentioned video collection was used for the generation of the
visual information. In particular, for all 10 videos described in Ta-
ble 1 the proposed approach leads to a key-frame-based video
abstraction.

As far as the evaluation is concerned, the results obtained from
the proposed video summarization algorithm were compared in
terms of the two aforementioned metrics, namely the fidelity mea-
sure and the compression ratio, with two methods: those of the
Open Video storyboard (Ueda et al., 1991) and with those of the Del-
aunary Triangulation based algorithm proposed in (Mundur et al.,
2006). In the later, the frame contents are represented as multi-
dimensional point data and then, they are clustered using Delaunary
Triangulation, while the Open Video storyboards are generated by
pen video storyboard (OV) and the delaunary triangulation based algorithm (DT).

sion ratio Number KF

OV DT PM OV DT

99.60 99.80 10 14 7
99.61 99.61 7 7 7
99.67 99.77 4 7 5
99.65 99.81 7 13 7
99.69 99.87 11 15 6
99.72 99.63 6 6 8
99.79 99.79 3 4 3
99.64 99.64 4 5 5
99.48 99.72 8 15 8
99.47 99.78 10 12 5
99.63 99.74 7 9.8 6.2

Table 3
Relative improvement DQ in terms of the fidelity measure of the proposed algorithm
with the OV and DT algorithm.

Video ID Fidelity

DQ(OV) DQ(DT)

1 �0.001 0.309
2 0.352 1.324
3 0.016 0.054
4 0.674 6.931
5 0.266 0.175
6 �0.034 0.187
7 0.230 1.980
8 �0.159 �0.096
9 0.017 3.583
10 0.110 3.609
Average value : 0.147 1.806



Fig. 3. Key-frame-based summary of the video called ‘America’s New Frontier, Segment 4’ as produced from the proposed here method, the Open Video Project storyboard
and the Delaunary Triangulation based algorithm respectively.

3 <http://chatzichristofis.info/?page_id=690>
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using the algorithm proposed in DeMenthon et al. (1998) and then,
the generated results are refined by some manual intervention.

Table 2 demonstrates the obtained quality results of the method
proposed here and of the other two approaches on the 10 video se-
quences. OV indicates the storyboards from the Open Video Pro-
ject, while DT denotes the Delaunary Triangulation based
algorithm. At this point, it is worth mentioning that, ideally, a
key-frame extraction algorithm should present both high quality
measure in terms of fidelity, and a high compression ratio, namely
small number of key frames. Table 2, also shows the number of
key-frames each algorithm has generated. For the video IDs please
refer to Table 1.

As demonstrated in Table 2, in terms of fidelity, the proposed
algorithm provides higher values than the other two; as far as the
compression rate is concerned, the proposed summarization meth-
od provides more compactness in comparison with the OV story-
board results, to mention in all the videos from the collection the
proposed method generates less or equal number of key-frames
than the OV method. The DT method results in the highest numbers
of compression rate. However, the obtained from the DT method
fidelity values are very low; in particular, its fidelity values are the
lowest comparing to the other ones. What is more, by taking into
consideration only the videos of the collection with numbers 2, 3,
4, 6, 7, 8, 9, in which the proposed method produces equal or less
number of key-frames than the DT algorithm, namely higher com-
pression rate, it is observed that even for these videos the proposed
approach performs better in terms of fidelity than the DT method.
This fact automatically entails that the highest values of proposed
method’s fidelity do not result due to higher number of key-frames,
but because of more accurate and proper selection of them.
In addition to this, with a view to judging the effectiveness of
the proposed approach compared with the other two well-known
algorithms, according to Ciocca and Schettini (2006), it is impor-
tant to examine the relative improvement of the obtained results.
This relative improvement DQ is determined in Eq. (26):

DQðXÞ ¼ ðFidelityðPMÞ � FidelityðXÞÞ
FidelityðXÞ ð26Þ

where PM refers to the proposed method, while X to the OV or DT
algorithm. Table 3 shows the results of the relative improvement
DQ with respect to the other two algorithms for each video of the
collection and the average DQ for all 10 videos. Overall, as it can
be easily be observed, the proposed summarization approach out-
performs the other algorithms.

Figs. 3, 4 illustrate the generated key-frame based summaries of
the proposed, the OV and the DT-based algorithm respectively.
Fig. 3 refers to the video ‘America’s New Frontier, Segment 4’, while
Fig. 4 to the video ‘The Future of Energy Gases, Segment 3’. Please
note that more summarization examples are available on-line.3
5.2. Video annotation experimental results

In order for the system’s operation to be completed, it is crucial
that the textual information is also extracted. Therefore, the video
annotation process takes place. The evaluation of the video annota-
tion method is directly connected on the one hand with the
key-frames, as they were extracted from the video summarization

http://chatzichristofis.info/?page_id=690


Fig. 4. Key-frame-based summary of the video ‘The Future of Energy Gases, Segment 3’ as it was derived from the proposed here method, the Open Video Project storyboard
and the Delaunary Triangulation based algorithm respectively.
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algorithm, and on the other hand with the video dataset to be used,
given that in order for the experiments to be carried out it is nec-
essary for a video collection to be used. However, once more, to our
knowledge, in the literature, there is not a universal or a commonly
accepted set of already annotated videos that could be utilized as a
ground truth set for the annotation produced results.

For this reason, a video dataset, in which all videos are assigned
with characteristic key-words/tags should be created. The creation
of such a collection implies on the one hand the creation of a video
dataset and on the other hand the manual annotation of the se-
lected videos. Therefore, in order to annotate the video collection
a user study was held. Initially, the already created video collection
could be utilized for the user study. However, within the frame-
work of this work, with a view to having representative and objec-
tive observation of the results as well as to facilitating the users
that are due to annotate the videos, a list composed of well known
videos from web sites like YouTube was created. These selected
videos are among the most popular ones, since, according to You-
Tube statistics,4 each one of them has more than 1 million views.
Without loss of generality, the list consists of 20 different videos,
4 <http://www.youtube.com/charts>.
with average length less than 3 minutes. The videos in the collection
differ in length, motion and subject and belong to different catego-
ries so that the list could be quite representative. The list of these
videos in conjunction with some of their characteristics are demon-
strated in Table 4.

In particular, for the 20 videos of the pre-mentioned collection,
independent users were asked to insert one to five representative
key-words, namely to annotate in a textual form each video. In that
way, for each video a list of key-words/ tags was created. The sur-
vey is hosted in <http://chatzichristofis.info/survey/> and the re-
sults were obtained by approximately a hundred users of
different age, education, sex, etc. Of course, given that the number
of the participants is limited, further research and additional
experiments are required in order to fully validate the observations
arising from this case study.

As already mentioned, in order for the annotation method to be
successful, it is essential at least one word that describes the video
to be inserted. As it can be logically realized, the selection of a word
for each single video is crucial, since it should reflect the content of
each video in an objective manner. Hence, the aim of the key-
words list could be considered double: on the one hand, the most
frequently used word for each video was used as a query for the
annotation process and on the other hand, the results, i.e. the list

http://chatzichristofis.info/survey/
http://www.youtube.com/charts


Table 4
Collection of 20 videos. The title, the category and the duration of each video are presented.

No. Title Category Length

1 Gangnam Style Music 253s
2 On the Floor Music 267s
3 Love The Way You Lie Music 267s
4 Waka–Waka Music 211s
5 Ai Se Eu Te Pego Music 166s
6 The Gummy Bear Song Film & Animation 164s
7 An experiment People Blogs 25s
8 Mickey Mouse Clubhouse Hot Dog Song Entertainment 65s
9 Annoying Orange Comedy 93s
10 Kobe vs Messi-Legends on Travel & Events 61s

Board-Turkish Airlines
11 Angry Birds Gaming 91s

Cinematic Trailer
12 SpongeBob SquarePants Comedy 136s
13 Husky Dog Talking Pets & Animals 48s
14 iPhone 5 Concept Features Science & Technology 68s
15 The force Autos & Vehicles 62s

Volkswagen Commercial
16 hippo and dog Film & Animation 159s
17 Official Minecraft Trailer Gaming 60s
18 Baumgartner’s Supersonic Science & Technology 90s

freefall from 128k
19 Steve Jobs’ 2005 Stanford Education 905s

Commencement Address
20 Project Natal Xbox Gaming 280s
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of key-words, obtained from the user study were used as ground
truth and were compared to the ones extracted automatically from
the proposed method, in order to evaluate the results.

With more details, after the utilization of the most frequently
according to the survey used word, the proposed annotation
approach provides the most representative key-words/ tags for
each video. As a logical entailment, the evaluation of these results
takes place by comparing them to the ones obtained from the sur-
vey. However, in order for these two results to be comparable, it is
demanding that the number of the key-words extracted from the
method, i.e. T, equals to the number of the tags obtained by the
user study. Given that in all cases the number of the tags obtained
Table 5
The success rate SR(V) of all 20 videos of the collection.

N. Title SR(V) (%)

1 Gangnam Style 93.36
2 On the Floor 74.57
3 Love The Way You Lie 88.33
4 Waka–Waka 85.71
5 Ai Se Eu Te Pego 63.16
6 The Gummy Bear Song 50.65
7 An experiment 64.78
8 Mickey Mouse Clubhouse 59.37

Hot Dog Song
9 Annoying Orange 91.25
10 Kobe vs Messi-Legends on 33.54

Board-Turkish Airlines
11 Angry Birds 72.39

Cinematic Trailer
12 SpongeBob SquarePants 68.25
13 Husky Dog Talking 61.70
14 iPhone 5 Concept Features 87.45
15 The force 71.23

Volkswagen Commercial
16 hippo and dog 39.38
17 Official Minecraft Trailer 68.46
18 Baumgartner’s Supersonic 66.98

freefall from 128k
19 Steve Jobs’ 2005 Stanford 72.27

Commencement Adress
20 Project Natal Xbox 67.88
Average success rate: 69.04
by the user study is greater than T, only the T most frequently
occurred of them are selected for the comparison and hence, for
the evaluation process.

By all means, the way the tags will be compared is considered to
be quite crucial. As resulted from the user study, for each video, the
importance of each single tag could not be considered the same, gi-
ven that different number of users have proposed each key-word.
Therefore, it is essential to determine the significance of each key-
word. In the cases treated in this paper, the importance STðVÞi of
each tag i that corresponds to a video V is defined by Eq. (27):

STðVÞi ¼ NðVÞiPT
j¼1NðVÞj

ð27Þ

where NðVÞi refers to the number of times the tag i was proposed by
separate users for the V video, while the variable T, as mentioned in
the previous Section, corresponds to the total number of tags for the
V video. In other words, according to the user study, the significance
STðVÞi of each tag for a single video indicates the frequency of occur-
rence of the tag i among all T most frequently used tags.

In that way, the evaluation process takes place as follows: for
each key-word i extracted by the proposed method is examined
whether or not it belongs to the list of the T most frequently oc-
curred tags, according to the user study. If so, then its significance
STðVÞi is the same with the one’s of the user study; otherwise turns
to zero. Then all these significances are added resulting in the suc-
cess rate SR(V) of the proposed method for the specific video V, as
defined in Eq. (28).

SRðVÞ ¼
XT

i¼1

STðVÞi ð28Þ

At this point, it is worth mentioning that the evaluation process is
not held by comparing the key-words extracted from the proposed
method one by one to the ones obtained from the user study, since
in that way it would not be paid attention to the frequency of occur-
rence of each tag, which is inextricably linked with the number of
different users that have proposed this specific key-word.

Table 5 that follows, demonstrates the evaluation results, i.e.
the success rate SR(V) for all the 20 chosen video sequences. For
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all the videos in the collection the number of the extracted
key-words T was the same, so that the results could be representa-
tive, and more particularly, this number equals to 5, given that for
a video with average length 3 min, 5 is a representative number of
tags that could describe the video.

As it can be concluded, the annotation process performs quite
well comparing to the user study results, given that in most cases
the success rate is greater than 65%, fact that implies that the re-
sults obtained from the proposed algorithm approach the real-
word results. However, in some cases, such as in the video ‘hippo
and dog’ or in the ‘Kobe vs Messi’, the calculated success rate is less
than 40%. This is a logical and expected result mainly for two rea-
sons: one the one hand, there are cases where the used database
with already annotated images, i.e. Flickr, does not contain a frame
Fig. 5. The extracted results from the overall system for the video called ‘Waka–Waka’. I
(b) the generated by the annotation approach key-words are presented. The larger the s

Fig. 6. The extracted results from the overall system for the video called ‘Gangnam Style’.
(b) the generated by the annotation approach key-words are presented. The larger the s

Fig. 7. The extracted results from the overall system for the video called ‘Annoying Orang
in (b) the generated by the annotation approach keywords are presented. The larger the
from the specific video or even an image with the same visually
content’s features and most importantly, on the other hand, Flickr,
as any other user-based database, contains noise deriving from
users. In particular, by looking for the causes of some of these
low value’s results, such as in the case of the ‘Kobe vs Messi’ video,
a manually search to the Flickr database was done. Only less than 5
images were found in the Flickr, of which visual content was rele-
vant with the under annotation video and in this case these images
were very badly-with irrelevant tags annotated. By all means, gi-
ven the noise and the lack of images, the obtained results indicate
the effectiveness of the proposed annotation method.

Relying on the aforementioned evaluation results both for the
summarization and the annotation method, it can be concluded that
the performance of the whole system is quite good. In Figs. 5–7 the
n (a) the produced from the summarization method key-frames are shown, while in
ize of a tag in the tag cloud is, the more significance it has.

In (a) the produced from the summarization method key-frames are shown, while in
ize of a tag in the tag cloud is, the more significance it has.

e’. In (a) the produced from the summarization method key-frames are shown, while
size of a tag in the tag cloud is, the more significance it has.
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results of the whole proposed system, namely the extracted key-
frames as long as the key-words, of the videos ‘Waka–Waka’, ‘Gang-
nam Style’ and ‘Annoying Orange’ are demonstrated respectively. It
should be noted that a tag may consist of more than one words, that
all together constitute the corresponding key-word, e.g. in Fig. 6 the
generated by the proposed method tags are: ‘gangnam style’, ‘gang-
nam’, ‘psy’, ’korean’ and ’music’.
6. Discussion and conclusions

In this paper a new system that automatically generates and
provides all the essential information both in visual and textual
form of a video, in cases of lack of metadata information, is pro-
posed. This system consists of a key-frame-based video summari-
zation method, responsible for the visual form of information,
and of a innovative key-word-based video annotation method,
inextricably linked to the textual information.

In the proposed video summarization methodology all video
frames, after being described by the CCDs and by visual word his-
tograms, are classified into clusters by using the SGONG network.
Then, the most representative key frame from every cluster is ex-
tracted and their set compose the automatically generated video
abstract. The proper number of key-frames per video is calculated
dynamically by the SGONG network. The video annotation ap-
proach is based on the produced key-frames and on the recently
proposed NCP model and leads to the automatic generation of
key-words capable of describing the semantic content of the given
video.

As an additional contribution, the performance of the overall
system was evaluated into two parts, each one for each method.
The video summarization methodology was evaluated in terms of
some metrics, i.e. the fidelity measure and the compression rate,
and was compared with two other relative and well-known in
the literature video summarization algorithms. The key-word
based video annotation approach was evaluated via a user study,
in which independent users annotated a video collection and as a
consequence, the obtained from the method results were com-
pared to those of the user study in order to evaluate the success
rate of the method. Experimental results in both cases show that
the proposed system is able to provide automatic video summaries
as well as a proper set of key-words with superior quality: the vi-
deo summarization method outperforms the other key-frame ap-
proaches investigated, while the video annotation methodology
is consistent to the user tag selection, fact that indicates the effec-
tiveness of the proposed system.

Future work includes comparisons with more methods in the
literature not only for the same video collection but also for more
extended collections. Additionally, we intend to carry out more
experiments by fine tuning the parameters of the SGONG network
or even to employ an optimization algorithm to determine the
most appropriate parameters of the network. In that way, more
conclusions could result about the influence of the system’s
parameters.

What is more, among possible research areas that provide
important information, the summarization and the annotation of
a video constitute characteristic topics for the generation of visual
and textual form of information. As a result, a future task could in-
clude the summarization and annotation method by creating an
on-line system, where for each video a user uploads, she/ he pro-
poses one key-word and then, the system automatically generates
the key-frame based summary and proposes to the user other key-
words based on relevance feedback. In that way, the user is able to
reject or accept as many tags she/ he considers relevant. Therefore,
the obtained from the user information could enable not only more
efficient access and browsing but also more efficient content
indexing and archiving of video collections, fact that could lead
to the improvement of the effectiveness and efficiency of video
utilization.

Of course, an immediate work connected with the annotation
process is that of the usage of a lexical database that defines
semantic similarity between words. Such databases, e.g. Wordnet,
EuroWordnet, etc., enable the creation of sets of synonyms and as a
result, the system detects tags with conceptual similarity and do
not treat them separately.
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