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Abstract—In this paper, a review of certain basic in- but on the common basic techniques that have been
formation extraction operations that can be performed on developed to facilitate them. These basic tasksshie
video is presented. These operations are those that arehoundary detectiomndcondensed video representation

particularly useful as a foundation for further semantic Shot boundary detection is the most basic temporal
processing. Specifically, the review focuses on shot bound—video segmentation task, as it is intrinsically and in-
ary detection and condensed video representation (also '

called summarization and abstraction). Shot boundary gxtrlcably linked .to the way that'VIdeo '_S produced. It
detection is the complete segmentation of a video into 'S @ natural choice for segmenting a video into more
continuously imaged temporal video segments. CondensedManageable parts, and thus it is very often the first
video representation is the extraction of video frames step in algorithms that accomplish other video analysis
or short clips that are semantically representative of the tasks, one of them being condensed video representation,
corresponding video. Both tasks are very significant for the described below. In the case of video retrieval, a video
organization of video data into more manageable forms. jhdex is much smaller and thus easier to construct
An overview of the fundamental issues in each task is 5nq yse if it references whole video shots rather than
provided, and recent work on the subject is described and ooy, \jideg frame. Since scene changes almost always
is critically reviewed. . .
happen on a shot change, shot boundary detection is
Index Terms—temporal video segmentation, shot change indispensable as a first step for scene boundary detection.
detection, shot cut detection, condensed representation, ging|ly, shot transitions provide convenient jump points
video summarization, highlighting for video browsing. Condensed representation is the
extraction of a characteristic set of either independent
I. INTRODUCTION frames or short sequences from a video. This can be

The advances in digital video technology and thLésed as a substitute for the whole video for the pur-
ses of indexing, comparison and categorization. It is

ever increasing availability of computing resources haP ) ) ;
g y puting so especially useful for video browsing. The paper

resulted in the last few years in an explosion of digitzi\ : : o, : A
semantic Retrieval of Video” by Xiong et al in this

video data, especially on the Internet. However, th id detailed . 4 d vid
increasing availability of digital video has not beefp>US: Provides a detailed account on condensed video

accompanied by an increase in its accessibility. This figpresentation e_lppl|cat|ons. The res_ults of both Sh_Ot
due to the nature of video data, which is unsuitable fgloundary detection gnd condensec_i video representation
traditional forms of data access, indexing, search af not _nee(-j to be immediately directed to the above
retrieval, which are either text-based or based on tﬁgpllcatlons, they may be instead stored as metadata and

query-by-example paradigm. Therefore, techniques haiRed when they are needed. This can be achieved by the

been sought that organize video data into more compéféfa of §tandards_ _suc_h as MPEG-7 [2]’_ V\_'hiCh contain
propriate specifications for the description of shots,

forms or extract semantically meaningful informatiotP d vari ¢ q q )
[1]. Such operations can serve as a first step for a numB&FNeS and various types of condensed representation.

of different data access tasks, such as browsing, retrievali?vﬁ rzl Te"t'ﬁwsl ort1 (thOt zounsdarz de;ectlgn Eave been
genre classification and event detection. Here we focpigP!isned in the last decade [3], 4], [5], [6], however

not on the high level video analysis tasks themselvB§"€ later than 2001. There s little review work on the_
subject of condensed video representation published in
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Therefore, in principle, the detection of a shot change
between two adjacent frames simply requires to compute
an appropriate continuity or similarity metric. However,
this simple concept has three major complications.

The first, and most obvious one, is defining a continu-
ity metric for the video in such a way that it is insensitive
to gradual changes in camera parameters, lighting, and
physical scene content, easy to compute and discriminant
enough to be useful. The simplest way to do that is to
extract one or more scalar or vector features from each
frame and to define distance functions on the feature
domain. Alternatively the features themselves can be
used either for clustering the frames into shots, or for
detecting shot transition patterns.

The second complication is deciding which values
of the continuity metric correspond to a shot change
and which do not. This is not trivial, since the feature
variation within certain shots can exceed the respec-
I tive variation across shots. Decision methods for shot

boundary detection include fixed thresholds, adaptive

thresholds and statistical detection methods.

The third complication, and the most difficult to han-

Fig. 1.  Schematic sketch of scenes and shots as defined by e, is the fact that not all shot changes are abrupt. Using
yideo produ_ction process: a) the actual objects (or people) tha_t Hotion picture terminology, changes between shots can
imaged, Whlch are spatlo-tempprally cohergnt and thus comprls%a . . .
scene b) continuous segments imaged by different cametaieeg;  P€lONg to the following categories, some of which are
c) the editing process that creatssotsfrom takes. illustrated in Figure 2:

1. Cut. This is the classic abrupt change case, where
one frame belongs to the disappearing shot and the
next one to the appearing shot.

Dissolve. In this case, the last few frames of
the disappearing shot temporally overlap with the
first few frames of the appearing shot. During
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days of motion pictures, well before the introduction of
computers. Motion picture specialists perceptually seg- 2.
ment their works into a hierarchy of partitions. A video
(or film) is completely and disjointly segmented into a

sequence of scenes, which are subsequently segmented
into a sequence of shots. Scenes (also called story units)
are a concept that is much older than motion pictures,
ultimately originating in the theater. Traditionally, a
scene is a continuous sequence that is temporally and.
spatially cohesiven the real world but not necessarily
cohesive in the projection of the real world on film.
On the other hand, shots originate with the invention of 4.
motion cameras and are defined as the longest continuous
sequence that originates from a single camera take,
which is what the camera images in an uninterrupted
run, as shown in Figure 1.

In general, the automatic segmentation of a video 5.
into scenes ranges from very difficult to intractable.
On the other hand, video segmentation into shots is
both exactly defined and also characterized by distinctive
features of the video stream itself. This is because video

the overlap, the intensity of the disappearing shot
decreases from normal to zero (fade out), while
that of the appearing shot increases from zero to
normal (fade in).

Fade. Here, first the disappearing shot fades out
into a blank frame, and then the blank frame fades
in into the appearing shot.

Wipe. This is actually a set of shot change tech-
niques, where the appearing and disappearing shots
coexist in different spatial regions of the interme-
diate video frames, and the region occupied by the
former grows until it entirely replaces the latter.
Other transition types.There is a multitude of
inventive special effects techniques used in mo-
tion pictures. These are in general very rare and
difficult to detect.

content within a shot tends to be continuous, due to tAe Components of Shot Boundary Detection Algorithms
continuity of both the physical scene and the parametersAs was already mentioned, shot boundary detection
(motion, zoom, focus) of the camera that images #lgorithms work by extracting one or more features from
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Examples of gradual transitions from the TRECVID 2003

corpus: a) a dissolve between shots with similar color content; b) a
dissolve between shots with dissimilar color content; c) a fade; d)
a wipe of the “door” variety; e) a wipe of the “grill” variety; f) a
computer generated special effect transition between shots.

decomposition of different classes of algorithms. Instead q_

above reasons it is widely used [10], [11].

. Image edgesAn obvious choice for characterizing

a ROI is its edge information [12], [9]. Their
advantage is that they are sufficiently invariant to
illumination changes and several types of motion
and that they are related to the human visual
perception of a scene. Their main disadvantage
is their computational cost, their noise sensitivity
and, when not post-processed, their high dimen-
sionality.

. Transform coefficients (Discrete Fourier Trans-

form, Discrete Cosine Transform, wavelethese
are a classic way to describe the image information
in a ROI. The Discrete Cosine Transform (DCT)
coefficients also have the advantage of being al-
ready present in MPEG encoded video streams or
files.

Motion: This is sometimes used as a feature for
detecting shot transitions, but it is usually coupled
with others, since by itself it can be highly dis-
continuous within a shot (when motion changes
abruptly) and is obviously useless when there is
no motion in the video.

2) Spatial Feature Domain:The size of the region
from which individual features are extracted plays an

a video frame or a subset of it, calledegjion of interest important role in the overall performance of shot change
(ROI). An algorithm can then use different methoddetection. A small region tends to reduce detection
to detect shot change from these features. Since thénariance with respect to motion, while a large region
are many different ways the above components can Hight lead to missed transitions between similar shots. In
combined, we have chosen not to provide a hierarchid following we will describe various possible choices:

we present below the different choices that can be made
for each component, along with their advantages and

disadvantages. These can then be combined more or less

freely to design a shot detection algorithm.

1)

algorithms reduce the large dimensionality of the video o

Features Used:Almost all shot change detection

domain by extracting a small number of features from
one or more regions of interest in each video frame. Such
features include:

1.

Luminance/colorThe simplest feature that can be
used to characterize a ROl is its average grayscale
luminance. This, however, is susceptible to illumi-
nation changes. A more robust choice is to use one

or more statistics (e.g. averages) of the values in 3.

a suitable color space [7], [8], [9], like HSV.
Luminance/color histogramA richer feature for

a ROI is the grayscale or color histogram. Its
advantage is that it is quite discriminant, easy to
compute and mostly insensitive to translational,
rotational and zooming camera motion. For the

Single pixel: Some algorithms derive a feature for
each pixel. This feature can be luminance, edge
strength [9] or other. However, such an approach
results in a very large feature vector and is very
sensitive to motion, unless motion compensation
is subsequently performed.

Rectangular blockAnother method is to segment
each frame into equal-sized blocks, and to extract
a set of features (e.g. average color or orientation,
color histogram) per such block [8], [7]. This
approach has the advantage of being invariant
to small camera and object motion as well as
being adequately discriminant for shot boundary
detection.

Arbitrarily shaped region:Feature extraction can
also be applied to arbitrarily shaped and sized
frame regions, derived by spatial segmentation
algorithms. This enables the derivation of features
based on the most homogeneous regions, thus
facilitating a better detection of temporal disconti-
nuities. The main disadvantage is the usually high



computational complexity and instability of region
segmentation.

4. Whole frame:The algorithms that extract features
(e.g. histograms) from the whole frame [13], [11],
[14] have the advantage of being very robust with
respect to motion within a shot, but tend to have

shot change up to the current point, and to check
if the next frame is consistent with them, as in
[7], [11]. The problem with such approaches is
that there is often great variability within shots,
meaning that statistics computed for an entire shot
may not be representative of its end.

poor performance at detecting the change betweers) Shot Change Detection Methottaving defined a
two similar shots. feature (or a set of features) computed on one or more
3) Feature Similarity Metric:In order to evaluate dis- ROIs for each frame (and optionally a similarity metric),
continuity between frames based on the selected featuggshot change detection algorithm needs to detect where

an appropriate similarity/dissimilarity metric needs tehese exhibit discontinuity. This can be done in the
be chosen. Assuming that a frame is characterized foflowing ways:

K scalar featured’(k),k = 1..K, the most traditional 1

choice is to use d,,, norm:

K
Dy, (i) = \l YO E(k) = Fi(k)[n
k=1

Examples of the above are the histogram difference,
where F'(k) are the bins of the histogram and= 1,
and image difference wherE(k) are the pixels of the

(usually subsampled) image and= 2. Another example o

of a commonly used metric, especially in the case of
histograms, is the chi-squarg?):

K 2

o (Fi(k) — Fy(K))

sz(lvj)_z -Fz(k)

k=1

4) Temporal Domain of Continuity MetricAnother
important aspect of shot boundary detection algorithms
is the temporal window which is used to perform shot
change detection. In general, the objective is to select a
temporal window that contains a representative amount
of video activity. Options include:

1. Two frames:The simplest way to detect disconti-
nuity between frames is to look for a high value
of the discontinuity metric between two successive
frames [13], [8], [15], [16]. However, such an
approach can fail to discriminate between shot
transitions and changes within the shot when there
is significant variation in activity among different
parts of the video, or when certain shots contain
events that cause brief discontinuities (e.g. photo-
graphic flashes). It also has difficulty in detectin

Static ThresholdingThis is the most basic desi-
cion method, which entails comparing a metric
expressing the similarity or dissimilarity of the
features computed on adjacent frames against a
fixed threshold [11]. This only performs well if
video content exhibits similar characteristics over
time, and only if the threshold is manually adjusted
for each video.

Adaptive ThresholdingThe obvious solution to
the problems of the static thresholding is to vary
the threshold depending on a statistic (e.g. average)
of the feature difference metrics within a temporal
window, as in [13], [17].

3. Probabilistic Detection:Perhaps the most rigor-

ous way to detect shot changes is to model the
pattern of specific types of shot transitions and,
presupposing specific probability distributions for

the feature difference metrics in each shot, perform
optimal a posteriori shot change estimation. This
is demonstrated in [7], [8].

4. Trained Classifier:A radically different method

for detecting shot changes is to formulate the
problem as a classification task where frames are
classified (through their corresponding features)
into two classes, namely “shot change” and “no
shot change”, and train a classifier (e.g. a neural
network) to distinguish between the two classes
[14].

gradual transitions. % Performance Evaluation

2. N-frame window: The most common technique The basic measures in detection and retrieval prob-
for alleviating the above problems is to detect thems in general areecall, precision and accuracy
discontinuity by using the features of all frame®&ecall quantifies what proportion of the correct entities

within a suitable temporal window, which is cen{shot changes in our case) are detected, while precision
tered on the location of the potential discontinuitguantifies what proportion of the detected entities are

[14], 8], [17], [9]. correct. Accuracy reflects the temporal correctness of

. Interval since last shot chang®erhaps the mostthe detected results, and corresponds to the distance
obvious method for detecting a shot end is to conlretween the detected location of a transition and its true

pute one or more statistics from the last detectéacation. Therefore if we denote Wy the shot transitions



algorithm is proposed. Each video frame is completely
segmented into nonoverlapping blocks, and the average
@ video Frames YUV color component values are extracted from each

Dale Dofle [0 s ol block. Blocks are matched between each pair of adjacent

b) Frame features (nistograms) frames according to average difference between the color
_/\/\/JL,\,\/\ components between blocks, and the discontinuity value
is then defined as the the above average difference for
matching blocks. Adjacent frames are compared for de-
! tecting abrupt transitions, while for gradual ones, frames
) Shot change detection (static threshold) that are apart by the minimum shot length are compared.
The a priori likelihood functions of the discontinuity
Fig. 3. A typical shot detection algorithm. a) Samples of the videg€tric are obtained by experiments on manually labelled
content. b) Histogram of the distribution of the intensity values in thdata. Their choice is largely heuristic. Thepriori prob-
displayed frames._c) Histogram differen(:(_a between_adjacent framgg,i”ty of shot boundary detection, conditional on the
d) A shot change is detected when the histogram difference exce(ﬁrﬁe that elapsed since the last shot boundary detection
a threshold. !
was modelled as a Poisson function, which was observed
to produce good results. The shot boundary detection
correctly detected by the algorithm, ldy,; the number probability is refined with a heuristic derived from the
of missed detectionghat is the transitions that shoulddiscontinuity value pattern (for cuts and fades) and from
have been detected but were not, and’hy the number in-frame variances (for dissolves) in a temporal window
of false detectionsthat is the transitions that should notiround the current frame. Effectively, a different detector

y y y

c) Discontinuity metric (histogram difference)

threshold

have been detected but were, we have that: is implemented for each transition type. In conclusion,
D although the proposed method claims to offer a rigorous
Recall = D+ Duy solution to the shot boundary detection problem, it is
o D somewhat heuristic. Yet the probabilistic analysis of the
Precision = D+ Dp problem is valid and thorough. Additionally, experimen-

. . - ., tal results are very satisfactory, being perfect for cuts and
Because of the richness and variety of digital videg_ . y ry gp
ing good recall and precision for dissolves.

content, the effective quantitative (and even qualitattive531¥he approach developed by Lienhart [14], detects

comparison of the results of different video analys'&’lssolves (andonly dissolves) by a trained classifier

algorithms is meaningless if they are derived frorgle. a neural network), operating on either YUV color

different video corpora. To alleviate this problem, th istograms, magnitude of directional gradients, or edge-
TREC Video Retrieval Evaluation [18TRECVID) was based contrast. The classifier detects possible dissolves

organized. The goal of TRECVID is not only to provide . :
. .. at. multiple temporal scales and merges the results using

a common corpus of video data as a testbed for different . . . )
a.winner-take all strategy. The interesting part is that the

algorithms but also to standardize and oversee thelr e . ; . . .
Classifier is trained using dissolve synthesizewhich

evaluation and to provide a forum for the comparison e ) .
of the results. creates artificial dissolves from any available set of video

sequences. Although the videos used for experimental
verification are non-standard, performance is shown to be
C. Specific Shot Boundary Detection Algorithms superior when compared to simple edge-based dissolve
In the previous section we have analyzed the featuregtection methods.
metrics and the decision methods that can be used tdCernekova et al. [11] propose performing singular
design a shot boundary detection algorithm. We illustratalue decomposition (SVD) on the RGB color his-
the design of such an algorithm in Figure 3. Specificallpgrams of each frame to reduce feature vector di-
the intensity histogram of the whole frame has beemensionality, in order to make the feature space more
chosen as a feature, the histogram difference was chodestriminant. Initially video segmentation is performed
as a discontinuity metric, and a constant threshold bg comparing the angle between the feature vector of
the shot change detection method. In the following weach frame and the average of the feature vectors of the
will also give some state-of-the-art examples of completeirrent segment. If their difference is higher than a static
algorithms. threshold, a new segment is started. Segments whose
The shot boundary detection problem is thoroughfgature vectors exhibit large dispersion are considered to
analyzed by Hanjalic [8], and a probabilistically basedepict a gradual transition between two shots, whereas



segments with small dispersion are characterized thgir shots. This highlights the greatest problem of this
shots. Experiments were run on a database of four reddorithm, namely that the extraction of the shot charac-
TV sequences. The main problem with this approachtristics (eigenspace, mean and covariance) happens at
the static threshold which is applied on the angle betweis very beginning (first\M/ frames). This means that in
vectors to detect shot change, which may be problematie@ case of long and non-homogeneous shots, like the
in the case of large intra-shot content variation and smalhes common in motion pictures, the values calculated
inter-shot content variation. at the start of the shot might not be characteristic of its
Boccignone et al. [17] approach the shot boundagnd.
detection problem from a completely new angle, using The Joint Probability Image (JPI) of two frames is
the attentional paradigm for human vision. Fundamedefined by Li et al. [15] as a matrix whose j] element
tally, their algorithm computes for every frame a seatontains the probability that a pixel with colérin the
(called atrace) of points of focus of attentionHOAs) first image has coloy in the second image. They also
in decreasing order of saliency, and compares nearsrive the Joint Probability Projection Vector (JPPV)
frames by evaluating the consistency of their traces. Skas a 1-dimensional projection of the JPI, and the Joint
boundaries are found when the above similarity is beldrobability Projection Centroid (JPPC) as a scalar mea-
a dynamic threshold. Specifically, FOAs are detectedire of the JPI's dispersion. Specific types of transition
by first computing a saliency map from the normalizeftlissolve, fade, dither) are observed to have specific
sum of multiscale intensity contrast, color contrast (blugPI patterns. To detect shot changes, possible locations
yellow and red-green) and orientation contrast. Then thee first detected by using the JPPC, and then they
most salient points in this map are found using a winneare refined and validated, and classified into transition
take-all artificial neural network, which also gives #@ypes by matching the JPPV with specific transition
measure of their saliency. The FOAs are accompanied figtterns. Results are given for a relatively small number
the color and shape information in their neighborhoodst abrupt and gradual transitions. The authors admit
The consistency of two traces is computed by fireihe obvious problems this method has with large object
finding homologous FOAs between the two traces basadd/or camera motion.
on three different types of local consistency: spatial, Another way to attack the most difficult problem
temporal (i.e. referring to order of saliency) and visuah shot boundary detection, which is the detection of
(i.e. referring to neighborhood information). A cut igradual transitions, is to use different algorithms for
then detected by comparing the inter-frame consistenegich type of transition. This is the path followed by
with a probabilistically-derived adaptive threshold, whildlam and Tewfik [9], who designed two algorithms,
dissolves are detected in a subsequent phase. The resaits, for dissolves and fades, and one for wipes. The
given for a subset of TRECVIDO1 and some news aridde/dissolve detector starts by approximating, within a
movie segments, are overall satisfactory but not abotemporal window, the temporal evolution of the intensity
the state of the art. of each pixel in the frame with a B-spline. It then com-
Lelescu and Schonfeld [7] present an interesting statfgites a change metric as the negative of the normalized
tical approach which additionally benefits from operatingum of the errors of the above approximations. This
on MPEG-compressed videos. They extract the averagetric is then discretized by comparison with a locally
luminance and chrominance for each block in every | ardlaptive threshold, processed by a morphological filter,
P frame, and then perform principal component analysiad used as an indicator of the existence of dissolves
(PCA) on the resulting feature vectors. It should be noteshd fades. Fades are distinguished from dissolves by
that the eigenvectors are computed based only ordfheadditionally checking whether the inter-frame standard
first frames of each shot. The resulting projected vectaisviation is close to zero. The wipe detector functions
are modelled by a Gaussian distribution whose mean dng first calculating the difference between one frame
covariance matrix are estimated from théfirst frames and the next, and then multiplying this difference with
of each shot. The originality of the approach is that parts of the frame's 2-D wavelet transform in order to
change statistic is estimated for each new frame usiaghance directionality. Then the Radon transform of each
a maximum likelihood methodology (the Generalizeftame is taken for the four cardinal directions (horizontal,
Likelihood Ratio) and, if it exceeds an experimentallyertical and the two diagonals) and the same is done
determined threshold, a new shot is started. The aldof the half-frames (but only for the horizontal and
rithm has been tested on a number of videos wherertical directions). For each frame, the location of the
gradual transitions are common. A characteristic of tlreaximum is taken from each of the above projections,
test videos used is the particularly short duration oépresenting the location of the strongest edge in each



direction. Tracking these maxima over time results idescriptors (i.e. Fourier transform coefficients of the
six temporal curves. Wipe candidates are then detectdgject contour) or with Hu's seven region moments. The
when these curves exhibit a linear increase or decreatdistance between objects is defined as fhedistance
corresponding to the regular movement of the wipetsetween their descriptors, weighted by experimentally
edge. Finally, the candidates are considered to be verifietived constants. Objects in the two frames are paired
if they can be well approximated with a B-spline. Théy spatial proximity of their centers, and the distance
results of these methods are close to the state of the lmtween frames is the maximum of the distance between
for the sequences tested, but the approach has probletigcts in such pairs. When the number of objects in a
in detecting other types of transitions than the onesfiame is different from that of the last, then the frame is

was designed for. automatically labelled as a keyframe. Otherwise, a frame
is labelled as keyframe if its distance from the previous
1. CONDENSEDVIDEO REPRESENTATION keyframe is greater than a predefined threshold. This

An important functionality when retrieving informa-ObjeCt'bas(:"d method has the advantage of getting close

tion in general is the availability of a condensed reprég the physmal semantics of the' video. However, like
sentation of a larger information unit. This can be th ther object-based approaches, it has the disadvantage

summary of a book, the theme or ground of a music at it is unable to perform well in complex scenes or
piece, the thumbnai,l of an image, or the abstract ofi% scenes with significant background motion. It is not
! ' dental that all the experimental videos used in this

paper. Condensed representation allows us to assessaﬁ’l:ﬁq dh tatic back d and I ber of
relevance or value of the information before comm;itl'€thod have a stalic background and a smafl number o

ting time, effort or computational and communicatior\ﬂve'I_'def'rl]ecj objects. h the highliahti bl ‘
resources to process the entire information unit. It cant et al [21] approach the highlighting problem from

also allow us to extract high level information when W_qu_3 V|evt:/po||nt of \f/ld_eo clo_mfpressm_)n, a;]d attempt to min-
are not interested in the whole unit, especially durifgiz€ the loss of visual information that occurs during

manual organization, classification and annotation tas!?ég_h“ghtmg' First they definsummarization ratas the

While for most types of information there is one or morkRt0 of the size of the condensed video to the size of

standard forms of condensed representation, this is H&t °riginal one, andistortionas the maximum distance
the case for video. between any frame in the highlighting and any frame

In the literature, the terrhighlighting or storyboard- in the original video. Then they formulate highlighting

ing is used for video representation resulting in distin@> ON€ of two problems: either the minimization of

images, whileskimmingis sometimes used for a re‘p_dlstortlon with the summarization rate as a constraint

resentation resulting in a shorter video. These class(gyn'mum distortion optimal summarization - MDOS)

of methods are illustrated schematically in Figure 4. Iff the minimization of the summarization rate with

addition, we will use the termmondensed representationd_is‘[o_rtion as a constraint (minimum rate optimal summa-
to describe the process of summarization, highlightiff2lion - MROS). They then present a solution for the
and skimming in general. ROS.probIem by means of dynamic programming, and
a solution for the MDOS problem by efficiently search-

S ing through relevant solutions of the MROS problem.

A. Highlighting The only drawback of their approach is that it is too

Highlighting is the field that has attracted by far thquantitative, and does not address the difference between

most attention, since it is the simplest and most intuitiveisual and semantic information.

Its purpose is the selection of the video highlights, that

is those frames that contain the most, or most relevant, . . o

information for a given video. Highlighting is sometime?' Hierarchical Highlighting

also referred to akeyframe extraction A somewhat different task from highlighting isi-

An advanced, object-based method, has been dewsiarchical highlighting, where the goal is to extract a
oped by Kim and Hwang [19]. They use the metholierarchy or a tree of highlight frames, so that the user
described in [20] to extract objects from each framean then interactively request more detail on the part of
then use these objects to extract video keyframes. Objtiwt video that interests him.
detection and tracking is performed by Canny edgeA semi-automatic method for the extraction of a
detection on image differences, and then finding arelaigerarchy of highlights is proposed by Zhu et al. [22].
enclosed by edges and tracking them. The objects areRast, shots are found and a keyframe is arbitrarily chosen
belled either with the magnitude of the first eight Fouridor each of them. Similarity between shots is defined as
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Fig. 4. lllustration of the different types of condensed representation. The “film” segments denote continuous video, while images denote
video frames.

the global color histogram and texture similarity betweetomputation of the fuzzy-means performed between
their keyframes. Then shot groups are detected by heutl®em. The clustering is repeated with increasingin-

tics based on similarity with previous and followingil decreasing clustering validity is detected. For each
frames at their borders. Shot groups are described chisster the most representative frame is selected as a
either spatially coherent(i.e. composed of consecutivekeyframe, based either on maximal proximity to the clus-
similar shots) otemporally coherenfe.g shots forming ter’s centroid or on maximal fuzzy cluster membership.
a dialog), through clustering using a similarity thresholdn a second stage temporally adjacent clusters with high
Videos, groups, shots and frames then have to be ansinilarity are merged in order to reduce the number of
tated manually with labels selected from a set of ontol&eyframes generated according to user preference. The
gies. The similarity between two groups is defined as tkame merging approach can also be used to extract a
average similarity between shots in one group and therarchy of highlights. Clustering is a typical method
correspondingly most similar shots in the other groufr highlight extraction, but the technical interest of the
using both the above visual features and the semantiork lies in the refinement procedure of the clustering
labelling. Scenes are detected heuristically by mergiagd the automatic determination of the optimal number
groups according to their similarity. The summary isf clusters.

created hierarchically at four levels (video, scene, group,

shot) by semantically clustering the immediately lowet  Skimming

level (e.g. clustering shots in order to create groups,, .o skimming is more difficult to perform effec-

etc). Finally the highlighting is constructed by selectin . S L e
those keyframes that correspond to those shots anc&é?ly than video highlighting, because it is more difficult

groups that contain the most annotation information. T eextract appropriate features from its atomic elements

system described is an advanced and complex one vdgeo segments instead of images), since they contain a

it suffers from the need of manual annotation and fromUCh greater amount of information.
Gong and Liu [24] partly solve this problem by

the arbitrary selection of the keyframe of each shot. constraining the skimming to consist of whole shots of

The extraction of the hierarchical highlights is pefihe video. First they down-sample the video temporally
formed in two stages by Ferman and Tekalp [23]. Thejis well as spatially. Each resulting frame is characterized
algorithm receives as input a video that has already its color histogram and SVD is performed on the
been segmented into shots. Each shot is characterizggliting feature matrixA. to reduce its dimensionality.

by its a-trimmed average luminance histogram (althoughor SVD-reduced frame featurés = [vi1 vig ... vip]”
theoretically other features could be used as well), aggk authors define a new metric:

each frame is characterized by the normalized distance

between its histogram and that of the shot to which it

belongs. Then fuzzy-means clustering is performed on il =
the frames in each shot, based on the above feature. The

clustering is refined by two stages of cluster hardenimghich is inversely proportional to the cardinality of the
coupled with the pruning of uncertain data, with a rdeature within the matrix, and thus to how typical the




frame is within the video. Similarly, for a video segmentiierarchical skimming is produced by first discarding
S; the metric CONS;) = >°,, s, I[¥:]| is defined as a scenes and clusters that have a low number of shots
measure of visual content contained in this segment. Téwed/or low attention value, and then for each cluster
next step is clustering the reduced feature vectors. Ttliscarding subshots from those shots that have a low
most common frame is used to seed the first clustatfention value. This procedure is continued until the
which is grown until a heuristic limit is reached. Theequired skimming length is reached.
other clusters are grown in such a way that they have
CON(S;) similgr to that of the first cluster. Then thez  parformance Evaluation
longest shot is extracted from each cluster, and an - :
appropriate number of these shots is selected to formBecause the ijectl_ve of the al_)ove methods 'S to
the summary, according to user preferences. eXtTaCt a S(_emantlcally informative \_/|de_o represeqta}tlon,
their objective performance evaluation is a very difficult
affair. In practice, performance evaluation is only feasible
D. Hierarchical Skimming by visual inspection of the results. In fact when most

The creation of a hierarchical video skimming i§1uthors need to do experimental evaluation, they use

approached by Shipman et al. [25] as the creation lelnels of experts that quantify whether a specific video

a specific type of video on demand, and as part Be}presentation contains all salient information of the

their Hyper-Hitchcockhypervideo authoring tool. Their 019inal videq. _Of course there_are other measures of
work, which they calldetail-on-demand videds based the characteristics of each algorithm, such as the size of

on video segmentation inttiakes”, which are not real the resulting representation but provide no information

takes but are scenes in the case of commercial vidé&the quality and completeness of the results.

and shots in the case of home videos, aigbs” which
are shots in the case of commercial videos and cohe- IV. CONCLUSIONS
sive subsegments of shots in the case of home videoslt is clear that the field of video shot detection has
This way, the authors attempt to sidestep the semantiatured, and is capable of detecting not only simple
ambiguity of the scene concept. It should be notedits but also gradual transitions with considerable recall
that the segmentation is a prerequisite for their workind precision. This maturity is also evidenced by the
The hierarchical skimming is constructed by selectingstablishment of a standard performance evaluation and
for each level, a number of “clips” and connecting atomparison benchmark in the form of the TREC Video
or some of them to “clips” in the lower levels. Theshot detection task. The field has also advanced from
number of levels in the hierarchy is dependant soleymple and heuristic feature comparison methods to
on the duration of the video. The “clips” that makeigorous probabilistic methods and the use of complex
up each level are chosen by three methods: either ipypdels of the shot transition formation process. How-
temporal homogeneity, or by a set of heuristics thater, there is still room for algorithm improvement. It
ensures as much as possible that the selected clips belenglear that improved solutions for this problem will
to different takes, or by an importance metric which igvolve firstly an increasingly rigorous inclusion of the
either pre-computed or manually assigned. a priori information about the actual physical process
A different approach is presented by Ngo et al. [2G]f shot formation, and secondly a thorough theoretical
who create their hierarchical skimming based mostly @malysis of the editing effects, or a simulation of their
traditional concepts such as scenes and shots. Their fiysheration as in [14].
step is to segment the video into shots and sub-shotsOn the other hand, condensed video representation
Then the shots are organized as a graph with the vertexains a largely open issue. In part, this is firstly due
length equal to similarity of shot keyframes, and groupdd its significantly higher complexity, secondly due to
into clusters using the normalized cut algorithm. Thiéhe greater variety of tasks that fall under its head-
temporal ordering of shots is used to make another diréag, and thirdly because the evaluation of its results
tional graph with the clusters as nodes. This is then usisdalmost entirely subjective. Furthermore the desired
to group clusters into continuous scenes. The attentioondensed video representation may vary with the task
value of a frame is computed from the motion of that hand: a different representation might be needed for
MPEG macroblocks in it, with compensation for camerarchival purposes than for promotional or for educational
motion. Then the attention value for shots, clusters apdrposes. However, the main reason for the relative
scenes is calculated by averaging the attention valia@ure of most automatic methods for the extraction of
in the immediately lower level of the hierarchy. Theepresentative or significant frames or video segments, is
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that the concept of being “representative” or “significantbannis Pitas received the Diploma of Electrical Engineering in
iS heavily dependent on the Semantics Of the Videol ah?ﬁo and the PhD degree in Electrical Engineering in 1985 both

o . - from the Aristotle University of Thessaloniki, Greece. Since 1994,
specifically on the semantic content of each video framg, has been a Professor at the Department of Informatics, Aristotle

So it is reasonable to state that the full solution @fniversity of Thessaloniki. From 1980 to 1993 he served as Scientific
the automatic highlighting and skimming tasks dependssistant, Lecturer, Assistant Professor, and Associate Professor in
on the extraction of semantics at the basic (frame am Department of Electrical and Computer Engineering at the same

bi | L still ianifi " h University. He served as a Visiting Research Associate or Visiting
0 JeCt) evel. Still, a significant amount of success Psistant Professor at several Universities. He has published 140

been shown in applications dealing with specific typgsurnal papers, 350 conference papers and contributed in 18 books in
of video content, and when tasks of limited complexitis areas of interest and edited or co-authored another 5. He has also

are attempted. It should also be noted that the lack n an invited speaker and/or member of the program committee of
' everal scientific conferences and workshops. In the past he served

a commonly accepted_ experimental corpus hinders theassociate Editor or co-Editor of four international journals and
evaluation of success in the general case. General or Technical Chair of three international conferences. His
current interests are in the areas of digital image and video processing

and analysis, multidimensional signal processing, watermarking and
ACKNOWLEDGMENT computer vision.
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