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Abstract—There is much video available today. To help viewers literature of methods, we found that these approaches dmuld
find video of interest, work has begun on methods of automatic divided into four groups: text-based approaches, audsatha
video classification. In this paper, we survey the video clai- approaches, visual-based approaches, and those thatmsed s

cation literature. We find that features are drawn from three binati f text di d vi | feat Most arsth
modalities—text, audio, and visual-and that a large variet of combinauon or text, audio, and visual teatures. Mos 0

combinations of features and classification have been exptd. incorporated a variety of features into their approachpime
We describe the general features chosen and summarize thecases from more than one modality. Therefore, in addition

research in this area. We conclude with ideas for further resarch.  to describing the general features utilized, we also pmvid
summaries of the papers we found published in this area.
Index Terms—video classification The rest of this paper is organized as follows. In section II,
we describe some concepts that are generally true regsrdles
of the modality of features used for video classification. In
section 1ll, we describe approaches that use text features
T ODAY people have access to a tremendous amount @ly. Approaches that use audio features only are described
video, both on television and the Internet. The amoufy section IV. In section V, we describe approaches that use
of video that a viewer has to choose from is now so larggsyal features only. In section VI, we describe approaches
that it is infeasible for a human to go through it all to finghat use combinations of features. We follow the feature
video of interest. One method that viewers use to narrow thefescriptions with a comparison of the various features in
choices is to look for video within specific categories origen section VII. We provide conclusions in section VIII and also

Because of the huge amount of video to categorize, reseaglygest some ideas for future research in this area.
has begun on automatically classifying video.

That automated methods of classifying video are an impor- Il. GENERAL BACKGROUND

tant and active area of research is demonstrated by the exisror the purpose of video classification, features are drawn

campaign [1]. TRECVid provides data sets and common tasgich of these are used, there are some common approaches
that allow researchers to compare their methodologiesrungs ¢|assification.
similar conditions. While much of TRECVid is devoted to \yhjle most of the research on video classification has the in-
video information retrieval, video classification taskssexs tent of classifying an entire video, some authors have fetus
well such as identifying clips containing faces or on-soregy classifying segments of video such as identifying viblen
text, distinguishing between clips representing outdoor f4] or scary [5] scenes in a movie or distinguishing between
indoor scenes, or identifying clips with speech or instrataé  gifferent news segments within an entire news broadcast [6]
sound [2]. Most of the video classification experiments attempt tosifgs

We focus in this review on approaches to video classificgideo into one of several broad categories, such as movie
tion, and distinguish this from video indexing. The choicegenre, but some authors have chosen to focus their efforts
of features and approaches taken for video classificatien &n more narrow tasks, such as identifying specific types of
similar to those in the video indexing field. Much of the videgports video among all video [7]. Entertainment video, sah
indexing research is approached from the database pe@eghovies or sports, is the most popular domain for classibeati
of being able to efficiently and accurately retrieve videgsyt some classification efforts have focused on information
that match a user query [3]. In contrast, video classificatiqjjgeg (e.g., news or medical education) [8].
algorithms place all videos into categories, typicallylwé  Many of the approaches incorporate cinematic principles or
meaningful label associated with each (e.qg., ‘sports Video concepts from film theory. For example, horror movies tend to
‘comedy video’). have low light levels while comedies are often well-lit. Not

A large number of approaches have been attempted for pgfight be a useful feature for identifying action movies, g0
forming automatic classification of video. After reviewitlle  or music videos; low amounts of motion are often present in

i ) drama. The way video segments transition from one to the
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vector machines (SVM), and neural networks. However, twadso include the marks > to indicate a change of speaker or
methods for classification are particularly popular: Garss >>> to indicate a change of topic [15].
mixture models and hidden Markov models. Because of theln addition to closed captioning, text can be placed on
ubiquitousness of these two approaches, we provide sothe television screen with open captioning or subtitlinge®
background on the methods here. captioning serves the same purpose as closed captioninhg, bu
Researchers who wish to use a probabilistic approach tbe text is actually part of the video and would need to be
modeling a distribution often choose to use the much stuelxtracted using text detection methods and OCR. Subtitkes a
ied Gaussian distribution. A Gaussian distribution, hosvev also part of the video in television broadcasts, althougé th
doesn't always model data well. One solution to this probleran’t necessarily the case for DVDs. However, subtitles are
is to use a linear combination of Gaussian distributionsykm intended for people who can hear the audio of a video but can't
as a Gaussian mixture model [11]. An unknown probabilitynderstand it because it is in another language or becaese th
distribution functionp(x) can be represented by Gaussian audio is unclear; therefore, subtitles typically won't lunde

distributions such that references to non-dialog sounds.
K One advantage of text-based approaches is that they can
p(z) = Z N (2| i, 25) utilize the large body of research conducted on document tex
P classification [16]. Another advantage is that the relatiop

between the features (i.e., words) and specific genre is easy
where N (z|u;, %) is thei'” Gaussian distribution with meanfor humans to understand. For example, few people would be
i and CovarianCEZ—. GMMs have been used for COﬂStrUCtin(}Eurprised to find the words ‘Stadium’, ‘umpire’, and ‘shm'rs
complex probablllty distributions as well as Clustering. ina transcript from a baseball game.

The Hidden Markov model (HMM) is widely used for However, using transcript text does have some disadvan-
classifying sequential data. A video is a collection of teas tages. One is that such text is largely dialog; there iselittl
in which the order that the features appear is importantymagfeed to describe what is being seen. For this reason trphscri
authors chose to use HMMs in order to capture this tempotakt does not capture much of what is occurring in a video.
relationship. An HMM represents a set of states and the second is that not all video has closed captions nor can
probabilities of making a transition from one state to arothtranscript text be generated for video without dialog. Adhi
state [12]. The typical usage in video classification is &ntr js that while extracting closed captions is not computatiyn
one HMM for each class. When presented with a test sequers@ensive, generating the feature vectors of terms andifear
of features, the sequence will be assigned to the class whaggn them can be computationally expensive since the featur
HMM can reproduce the sequence with the highest probabili()actors can have tens of thousands of terms.

Another difficulty in using text-based features is that text
derived from speech recognition or OCR of on-screen text
has fairly high error rates [17]. While the closed captiooss f

Text-only approaches are the least common in the vidganovie tend to be accurate, closed captions generatedlin rea
classification literature. Text produced from a video fali® time for a news broadcast may suffer from misspellings and
two categories. The first category is viewable text. Thisl@éoupmissions.
be text on objects that are filmed (scene text), such as ann the next section, we discuss the processing of text
athlete’s name on a jersey or the address on a building, features. This is followed by a section describing specific
it could be text placed on-screen (graphic text), such as thgpers that performed video classification using text featu
score for a sports event or subtitles [7]. Text features ag@ly. Papers that utilized text features, whether alonenor i
produced from this viewable text by identifying text obgctcombination with other types of features, are listed in abl
followed by the use of optical character recognition (OCH) [
to convert these objects to usable text. The text objects can
become features themselves, which we discuss in the section
on visual features. A common method for representing text features is to

The second category is the transcript of the dialog, whiawonstruct a feature vector using the bag-of-words moddl [22
is extracted from speech using speech recognition methddghe bag-of-words model, each feature vector has a dimen-
[13] or is provided in the form of closed captions or substle sionality equal to the number of unique words present in all
Closed captioning is a method of letting hearing-impaireghmple documents (or closed caption transcripts) with each
people know what is being said in a video by displaying texérm in the vector representing one of those words. Each term
of the speech on the screen. Closed captions are found in Linex feature vector for a document will have a value equal to
21 of the vertical blanking interval of a television transsion the number of times the word represented by that term appears
and require a decoder to be seen on a television [14]. imthe document. One potential drawback of the bag-of-words
addition to representing the dialog occurring in the videopodel is that information about word order is not kept.
closed captioning also displays information about othpesy = Representing a transcript may require a feature vector with
of sounds such as sound effects (e.g., [BEAR GROWLSHimensions in the tens of thousands if every unique word-is in
onomatopoeias (e.g., grrrr), and music lyrics (enclosed @tuded. To reduce the dimensionality, stop lists and stergmi
music note symbols)). At times, the closed captions mayare often applied prior to constructing a term feature ve&o

IIl. TEXT-BASED APPROACHES

Processing Text Features
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TABLE |
PAPERSUTILIZING TEXT-BASEDAPPROACHES
[ Paper || Closed Captions] Speech Recognitiof OCR |

Brezeale and Cook [18] X

Jasinschi and Louie [19 X

Lin and Hauptmann [20 X

Qi et al. [21] X
Wang et al. [13] X

Zhu et al. [6 X

stop list is a set of common words such as ‘and’ and ‘the’ [23&re few training examples but the feature vectors have many
Such words are unlikely to have much distinguishing powéerms [26]. There are fifteen genre of movie from the enter-
and are therefore removed from the master list of words pritainment domain.

to constructing the term feature vectors. Stemming removes
the suffixes from words leaving the root. For example, the
words ‘independence’ and ‘independent’ both have ‘indépen
as their root. The stemmed words are used to generate the

feature vectors instead of the original words. One of theemor ) ) .
common methods for stemming is using Porters stemmingA“d'o'only approaches are found slightly more often in the
algorithm [24]. video classification literature than text-only approact@se

ﬁ'aéjvantage of audio approaches is that they typically requir

er computational resources than visual methods. Afso, i
the features need to be stored, audio features requiredass.s
Another advantage of audio approaches is that the audis clip
TF-IDF =TF(d,t) x IDF(t) can be very short; many of the papers we reviewed used clips
in the range of 1-2 seconds in length.

IV. AUDIO-BASED APPROACHES

Another common approach is to weight each term usi
an approach known as the term frequency-inverse docum
frequency (TF-IDF) approach [25]:

whereT F'(d, t) is the frequency of term in documentd and

IDF(t) is To produce features from an audio signal, the signal is
N sampled at a certain rate (e.g., 22050 Hz). These samples may
IDF(t) = log (df—(t)) then be grouped together into frames. Some authors choose to

begin one frame where the last ended while others overlap the
where N is the total number of documents adfi(t) is the frames.

number of documents containing temnj25]. Features can be derived from either the time domain or the

frequency domain. Fig. 1 is an example of the time domain,
B. Video Classification Using Text Features Only in which the amplitude of a signal is plotted with respect to

Zhu et al. [6] classified news stories using features obtainMe- Using the Fourier transform, a signal in the time damai
from closed captions. News video is segmented into storigd be transformed to the frequency domain, also known as
using the topic change marks inserted by the closed captf# SPectrum of the signal. An example of the same signal in
annotator. This is followed by applying a natural languadB® frequency domain is shown in Fig. 2.
parser to identify keywords within a news segment and the
first N unique keywords are kept. The authors’ experience is
that N = 20 has the best ratio of prediction accuracy to feature
length. Classification is performed by calculating weigfats 0.8}
each combination of class and keyword. Specifically,

1

06}
wi; = P(ci| f;)?(log(my;) + 1) 04}

is the weight of class for keyword j where P(¢;|f;) is the
conditional probability of classg given keyword; and m;
is the number of news segments containing keywprdhe
weights for all keywords in a news segment are summed aBd |
the news segment is assigned to the class with the high®&st
sum. The categories are politics, daily events, sportsthega ~ —04f 1
entertainment, business and science, health, and tegyolo _gg}
Brezeale and Cook [18] performed classification using text
and visual features separately; we describe the use of text®®[
features here. Closed captions are extracted from DVDs and _;
represented as term-feature vectors. Classification ferpeed
using a support vector machine, which was chosen because
they are well-suited to classification problems in whichr¢heFig. 1.  Amplitude versus time plot of signal.
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[31]. Some types of sounds have more narrow frequency
ranges than others. Speech typically has a lower bandwidth
than music.

The fundamental frequency is the lowest frequency in a
sample and approximates pitch, which is a subjective measur
5 The pitch can be undefined for some frames [32]. Pitch
is sometimes used to distinguish between male and female
speakers. It has also been used to identify significant édrts
3| a person’s speech, such as introduction of a new topic [33]. A
frame that is not silent but doesn’t have a pitch may repttesen
noise or unvoice speech [27].
1074k | Mel-frequency cepstral coefficients (MFCC) are produced
by taking the logarithm of the spectral components and then
placing them into bins based upon the Mel frequency scale,
h prvn 5555 —~ oo w555 500 vv_hich is per_ception—based. This is followed by applying the

Frequency in Hz discrete cosine transform (DCT) [34]. The DCT has good
energy compaction, that is, after transforming a set ofeslu
Fig. 2. Spectrum plot of signal. most of the information needed to reconstruct those values
is concentrated in a few of the new values (coefficients). By
) only keeping those coefficients in which most of the energy
A. Audio Features is concentrated, the dimensionality can be reduced whille st

Whereas many of the visual-based approaches use feataigsning approximations of the original values to be proefiic
intended to represent cinematic principles (to be disalisse
later), many of the audio-based features are chosen to ap-
proximate the human perception of sound. Audio features can
lead to three layers of audio understanding [27]: low-level In this section we describe specific papers (listed chragolo
acoustics, such as the average frequency for a frame, madl-lgcally) that perform video classification using audio feati
sound objects, such as the audio signature of the sound a baly. Papers that utilized the most common audio features,
makes while bouncing, and high-level scene classes, suchwdiether alone or in combination with other types of features
background music playing in certain types of video scenede listed in Table II.

We provide a brief description of some of the commonly used Liu et al. [27] sample audio signals at 22,050 Hz. These
low-level audio features here. signals are then divided into segments of 1.0 second in

1) Time-Domain FeaturesThe root mean square (RMS)length. These segments are subdivided into frames (not to
of the signal energy approximates the human perception laf confused with video frames) of 512 samples each, with
the loudness or volume of a sound [28]. Liu et al. [27] found new frame beginning every 128 samples such that each
that sports had a nearly constant level of noise, which ctrame overlaps somewhat with the previous three frames.
be detected using the volume standard deviation and volukaach clip is represented by a vector with twelve features:
dynamic range. The signal may be subdivided into subbanasn-silence ratio, volume standard deviation, volume dyina
and the energy of each subband measured separately. bifferange, frequency component of the volume contour around
classes of sounds fall into different subbands [29]. 4 Hz, pitch standard deviation, voice-or-music ratio, Beis

Zero crossing rate (ZCR) is the number of signal amplitude-unvoice ratio, frequency centroid, frequency bandiidt
sign changes in the current frame. Higher frequencies treseihergy ratio in the range 0-630 Hz, energy ratio in the
in higher zero crossing rates. Speech normally has a highange 630-1720 Hz, and energy ratio in the range 1720-
variability of the ZCR than in music. If the loudness and400 Hz. Later analysis found that the features with the most
ZCR are both below thresholds, then this frame may represéigcriminating power are the frequency component of the
silence. volume contour around 4 Hz, frequency centroid, frequency

The silence ratio is the proportion of a frame with amplitudeandwidth, energy ratio in the range 0-630 Hz, and energy
values below some threshold. Speech normally has a highatio in the range 1720-4400 Hz. Classification is performed
silence ratio than music. News has a higher silence ratio thasing a one-class-one-network (OCON) structure in which a
commercials. separate neural network is trained for each class with their

2) Frequency-Domain FeaturesThe energy distribution output becoming the input to another neural network. The
is the signal distribution across frequency componentg Thlasses of the audio are commercial, basketball game,dthotb
frequency centroid, which approximates brightness, is tigame, news report, and weather forecast.
midpoint of the spectral energy distribution and provides aLiu et al. [38] sample an audio signal at 22,050 Hz. This
measure of where the frequency components are concentraigdal is then divided into segments of 1.5 seconds in lergth
[30]. Normally brightness is higher in music than in speeclmew segment is begun every 0.5 second so that each segment
whose frequency is normally below 7 kHz. overlaps with the previous segment by 1.0 second. These

Bandwidth is a measure of the frequency range of a sigredgments are subdivided into frames of 512 samples each,

Amplitude in dB

Video Classification Using Audio Features Only
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TABLE Il
PAPERSUTILIZING AUDIO-BASED FEATURES

Time-Domain Frequency Domain
Paper RMS/Energy | Subband] ZCR | Other || Freq. Centroid[ Bandwidth [ Pitch/Fund. Freq.] MFCC

Dinh et al. [29] X X
Fan et al. [8]
Fischer et al. [35]
Huang et al. [36] X X X X X
Jasinschi and Louie [19 X X X X
Lee et al. [37]
Liu et al. [27
Liu et al. [38
Moncrieff et al. [5]
Nam et al. [4]
Pan and Faloutsos [39] X
Qi et al. [21] X
Rasheed and Shah [40] X
Roach and Mason [41]
Roach et al. [42]
Wang et al. [13] X X
Xu and Li [43]

X

XXX

X[ X| X[ X

X[ X| X[ X

with a new frame beginning every 256 samples such thaith linear kernels; the best performance results from gisin
each frame overlaps with the previous frame. Each clip ke kNN classifier. While clip durations of 0.5, 1.0, 1.5, and
represented by a vector with fourteen features: non-®len2.0 seconds are tested, they find no significant difference in
ratio, volume standard deviation, standard deviation @b zeperformance. The genres studied are news, commerciaksl, voc
crossing rate, volume dynamic range, volume undulationz 4 khusic shows, concerts, motor racing sports, and cartoons.
modulation energy, standard deviation of pitch period, atino Wavelets are compared to features from Fourier and time
pitch ratio, non-pitch ratio, frequency centroid, freqogn analysis with comparable results.
bandwidth, energy ratio in the range 0-630 Hz, energy ratio i Pan and Faloutsos [39] investigate the use of independent
the range 630-1720 Hz, and energy ratio in the range 172@mponent analysis (ICA) as applied to visual and audio
4400 Hz. An ergodic HMM is trained for each of the fivefeatures separately; we describe the audio-based appioach
video classes: commercial, basketball game, football gantieis section. ICA is a method for finding a set of statistigall
news report, and weather forecast. Twenty consecutive clipdependent and non-Gaussian components that produced a
are used as a training sequence for the HMMs. set of multivariate data [44]. For each class, a set of basis
Roach and Mason [41] use the audio, in particular MFC@ynctions are derived. A video is classified as the genre whos
from video for genre classification. This approach is chosdasis functions best represent it, with best being defined as
because of its success in automatic speech recognition. Tihe smallest error from reconstructing the clip. To derive t
authors investigate how many of the coefficients to keep aaddio basis functions, ICA is applied to a random sample of
find that the best results occur with 10-12 coefficients. 8.5 second segments, each of which is down-sampled by a
GMM is used because of its popularity in speaker recognitiofactor of 10. The classes of video are news and commercials.
The genre studied are sports (specifically fast-movinggype Moncrieff et al. [5] use audio-based cinematic principles t
cartoons, news, commercials, and music. distinguish between horror and non-horror movies. Chairges
Dinh et al. [29] apply a Daubechies 4 wavelet to seven sugeund energy intensity are used to detect what the authbrs ca
bands of audio clips from TV shows. Like the DCT, wavelesound energy events [45]. The sound energy events of interes
transforms have good energy compaction and are useful &g those associated with the following feelings: surpadse
reducing dimensionality. The features for representing tialarm, apprehension, surprise followed by sustained alanch
audio clips utilize the wavelet coefficients. They are sulzbaapprehension building up to a climax. These four types of
energy, subband variance, and zero crossing rate as welisagnd energy events are found to occur more often in movies
two features defined by the authors: centroid and bandwidehassified as horror than those classified as non-horror./gmo
Centroid and bandwidth are movies classified as horror, these sound energy events are
found to be useful for classifying scenes as well.

N . 2
centroid= Ziﬁlﬂ,
e lwi|? V. VISUAL-BASED APPROACHES
and Most of the approaches to video classification that we
] Zfil(i — centroid? |w;|? surveyed rely on visual elements in some way, either alone or
bandwidth= SN in combination with text or audio features. This corresgond
=11 with the fact that humans receive much of their information

where N is the number of wavelet coefficients angd is of the world through their sense of vision.
the i*" wavelet coefficient. Classification is performed using Of the approaches that utilize visual features, most eitrac
the C4.5 decision treekNN, and support vector machinesfeatures on a per frame or per shot basis. A video is a
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collection of images known as frames. All of the frames withifrom a color histogram the positions of pixels with specific
a single camera action are called a shot. A scene is one or mookrs, so some authors will divide a frame into regions and
shots that form a semantic ufifor example, a conversationapply a color histogram to each region to capture some $patia
between two people may be filmed such that only one persiofiormation.
is shown at a time. Each time the camera appears to stop anéinother problem with color-based approaches is that the
move to the other person represents a shot change, butithages represented in frames may have been produced under
collection of shots that represent the entire conversatiam different lighting conditions and therefore comparisorfs o
scene. While some authors use the terms shots and scdrea®es may not be correct. The solution proposed by Drew and
interchangeably, typically when they use the term sceng th&u [50] is to normalize the color channel bands of each frame
are really referring to a shot. and then move them into a chromaticity color space. After
Many visual-based approaches use shots since a shot im@e processing, including the application of both wavelet
natural way to segment a video and each of these segmeanid discrete cosine transforms, each frame is now in the same
may represent a higher-level concept to humans, such ligiting conditions.
“two people talking” or “car driving down road”. Also, a 2) MPEG: One of the more popular video formats is
shot can be represented by a single frame, known as MPEG (Motion Pictures Expert Group), of which there are
keyframe. Typically the keyframe is the first frame of a shoseveral versions. We provide a high-level and somewhat sim-
although some authors use the term to refer to any singlified description of MPEG-1; for more complete details,
frame that represents a shot. Shots are also associated withsult the MPEG-1 standard [51].
some cinematic principles. For example, movies that focusDuring the encoding of MPEG-1 video, each pixel in each
on action tend to have shots of shorter duration than thagame is transformed from thBG B color space to th& C,C,.
that focus on character development [46]. One problem witlolor space, which consists of one luminangé @nd two
using shot-based methods is that the methods for autorivaticehrominance @, andC,.) values. The values in the new color
identifying shot boundaries don't always perform well [47]space are then transformed in blocks&f%k 8 pixels using
Identifying scenes is even more difficult and there are fethie discrete cosine transform (DCT). Much of the MPEG-1
video classification approaches that do so. encoding process deals with macroblocks (MB), which cansis
The use of features that correspond to cinematic principlesfour blocks of8 x 8 pixels arranged in & x 2 pattern.
is popular in the visual-based approaches, more so than irConsecutive frames within the same shot are often very
text-based and audio-based approaches. These includg usimilar and this temporal redundancy can be exploited as
colors as a proxy for light levels, motion to measure actioa, means of compressing the video. If a macroblock from
and average shot length to measure the pace of the videoa previous frame can be found in the current frame, then
One difficulty in using visual-based features is the hugencoding the macroblock can be avoided by projecting the
amount of potential data. This problem can be alleviated Ippsition of this macroblock from the previous frame to the
using keyframes to represent shots or with dimensionalityirrent frame by way of a motion vector [52].
reduction techniques, such as the application of wavedestr ~ Much research has been conducted on extracting features

forms. directly from MPEG video, primarily for the purpose of index
ing video [53] [54] [30]. For video classification the prinyar
A. Visual Features features extracted from MPEG videos are the DCT coefficients

1) Color-Based FeaturesA video frame is composed of and motion vectors. These can improve the performance of the
¢lassification system because the features have already bee

a set of dots known as pixels and the color of each pixel lated and b d without decoding the vid
represented by a set of values from a color space [48]. Maﬁ?flcu ated and can be extracted without decoding the video.

color spaces exist for representing the colors in a frame Ty 5) Shot-Based Featuresn order to make use of shots, they
of the most popular are the red-green-blRG(B) and hue- first must be detected. This has proven to be a difficult task

saturation-valuel{ SV') color spaces. In th&G B color space, © au_tt_)matfe, in part bhecaus?] of the V"f‘rioﬁs ways of trglking
the color of each pixel is represented by some combination nsitions from one shot to the next. Lienhart [47] state t

the individual colors red, green and blue. In tHe&SV color SOM€ video. editing systems provide more than 100 Qiffergnt
space, colors are represented by hue (i.e., the wavelerhgtﬁy es of edits and no current method can correctly identify

the color percept), saturation (i.e., the amount of whigéti all types. Most types of shot transitions fall into one of the

present in the color), and value (also known as the brigktne@!lOWing categories: hard cuts, fades, and dissolves.dHar
value is the intensity of the color) [49]. cuts are those in which one shot abruptly stops and another

The distribution of colors in a video frame is often repP®9ins [55]. Fades are of two types: a fade-out consists of
resented using a color histogram, that is, a count of hof?NShOt gradually fading out of existence to a monochrome

many pixels in the frame exist for each possible color. Coldi@Me While a fade-in occurs when a shot gradually fades
histograms are often used for comparing two frames with tlj.réto existence from a monochrome frame. A dissolve consists

assumption that similar frames will have similar countsreve?’ ©Nn€ shot fading out while another shot fades in; features
rom both shots can be seen during this process. While

though object motion or camera motion will mean that the&t o - ;
don’t match on a per pixel basis. It is impossible to detemmirlt IS important to understand shot transition types in order

to correctly identify shot changes, the shot transitionety/p
Lin rare cases a single shot may contain more than one scene. themselves can be useful features for categorization [56].
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One of the simplest methods for detecting shots is to taks negligible change, small change, or large change). Fuzzy
the difference of the color histograms of consecutive frsmeules are constructed from these features.
with the assumption that the difference in color histografins Lu et al. [64] avoid detecting shots altogether, instead
frames within the same shot will be smaller than the diffeeenidentifying keyframes using clustering after first tramsfiing
between frames of different shots [57]. This approach, evhiframes to a chromatic color space to put all frames under the
easy to implement, has a number of potential problems. Os&me lighting conditions.
is deciding what threshold differences must exceed in aer 4) Object-Based FeaturesObject-based features seem to
declare a change in shots. Shots that contain a lot of motibe uncommon, perhaps because of the difficulty in detecting
require a higher threshold value than those with little wrti and identifying objects as well as the computational resuir
Also, the threshold value is likely to be different for diffmt ments to do so. When they are used, they tend to focus on
videos and even within the same video no particular value malentifying specific types of objects, such as faces [65].[13
correctly identify all shot changes [58]. A threshold vathat Once objects are detected, features derived from themdaclu
is too low will identify shot changes that don’t exist while adominant color, texture, size, and trajectory.
threshold value that is too high will miss some shot changes.Dimitrova et al. [66] and Wei et al. [56] use an approach
lyengar and Lippman [59] detect shot changes using thescribed in [67] for detecting faces. Using images in which
Kullback-Leibler distance between histograms of conseeut the skin-tone pixels have been labeled, a model is learned
frames that have been transformed to th& color space. The for the distribution of skin-tones in th& IQ color space.
rgb values are calculated using The Y IQ color space, a transform of gamma-correctdB
values, is used in broadcast video [68]. The skin-toneidistr

r = L, g= L, b= _B tion model is used for identifying regions of skin-tone pége
R+G+B R+G+B R+G+B  \which are processed with morphological operations to smoot
The Kullback-Leibler distance is calculated using and combine isolated regions that are related. Finallypsha
analysis is applied to identify faces.

N
o q(z;) Dimitrova et al. [66] and Wei et al. [56] both use an
KL(plla) = - z_;p(xi)logp(:ci) approach described in [69] for identifying text objectshirit
. video frames. Using the luminance components of a frame,
where N is the number of bins in the histogramsxz;) is a process for enhancing the edges is performed followed by
the probability of colorz; for one frame and;(z;) is the edge detection and the filtering of areas unlikely to contain
probability of colorz; for the other frame. text. Connected component analysis, which identifies pixel
Truong et al. [60] detect shot changes with shot transitiofisat are connected, is performed on the remaining areas to
of the types hard cut, fade-in, fade-out, and dissolve [6Jflentify text boxes. Text boxes from the same line of text are
Hard cuts are detected by using a global threshold to identiherged. These text boxes can become objects to be tracked or
potential cuts, then a sliding window is applied to thesgassed to character recognition software.
frames using an adaptive threshold. Fade-ins and fade-outfan et al. [8] detect objects representing a high-level con-
are detected by first identifying monochrome frames amgpt, such as gastrointestinal regions [70]. The frames fro
then checking if the first derivative of the luminance measample clips containing examples of the high-level concept
is relatively constant. Dissolves are identified when thst firare segmented by identifying regions with homogeneous colo
order difference of the luminance variance curve falls imith or texture. Afterward, a medical consultant annotates &hos
a range calculated from the luminance variances of the shedgions matching the high-level concept. Low-level feesyr
preceeding and succeeding the dissolve. such as dominant color and texture, are extracted for these
Rasheed and Shah [40] detect shot changes using the integions and passed to a support vector machine for learning
section of histograms in th& SV color space. This methodthe relationship between features and concept.
works best for hard cuts [62]. 5) Motion-Based FeaturesMotion within a video is pri-
Jadon et al. [63] detect shot changes as well as shot tramarily of two types: movement on the part of the objects being
sition types using a fuzzy logic based approach [58]. Abrufilmed and movement due to camera actions. In some specific
changes (i.e., hard cuts) are detected using the intevseati types of videos, there might also be other types of movement,
frame histograms in thé&G B color space. Gradual changesuch as text scrolling at the bottom of a news program. Metion
are detected using pixel differences and intersection tdrcobased methods largely consist of the use of MPEG motion
histograms. The pixel difference between two consecutivectors or the calculation of optical flow.
frames is calculated using the Euclidean distance betwaen ¢ Optical flow is an estimate of motion in a sequence of
responding pixels in th&G B color space. Gradual changesmages calculated from the velocities of pixel brightness
are further divided into fade-ins and fade-outs, which agmtterns. This could be due to object motion or camera motion
detected using pixel differences, intersection of colos- hiFig. 3 shows a ball thrown into the air from left to right ané th
tograms, and edge-pixel counts. After detecting edgesgusicorresponding plot of optical flow values. Measuring ogtica
a Sobel edge detector, the difference in the number of pixéisw requires multiple video frames; for illustrative pugss,
of edges between consecutive frames is used to identify fadee only show a single frame (the left image in Fig. 3) with a
in and fade-out transitions. Each feature is fuzzified, that dotted line representing the motion of the ball that the eiew
values are assigned to qualitative categories (e.g., @areg would observe in the preceding and following frames.
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both optical flow and frame differencing as methods for detec

ing motion within video. For each of these, they projectesl th

values to a single dimension. Sequences of these projection
became the inputto an HMM. They trained one HMM for each
of the two input classes: news and sports. They found that the
results are similar for both methods, but frame differegcin
has lower computational requirements.

Fig. 3. A ball thrown into the air (left) and the optical flowrfi (right). The second method explores the use of the relationship
A x C = k from film theory, which states that there is
an inverse relationship between the amount of action and

There are many ways to measure optical flow [71]. Theharacter development in a movie. After detecting shotsgusi
method described by Horn and Schunck [72], which is usdidle Kullback-Leibler distance between histograms in ithe

by several of the papers that we reviewed, determines tt@or space, they calculate the natural log of the ratio dfiomo

optical flow by solving two constraint equations. The gratlie energy to shot length. These values become the input to two

constraint equation finds the component of movement in thtMMs, one for action movies and one for character movies.
direction of the brightness gradient. The second condtigin  Girgensohn and Foote [74] classify video frames of pre-
known as the smoothness constraint and is used to deterngastations into six classes: presentation graphics, lbogss

the component perpendicular to the brightness gradient. of the projection screen lit, long shots of the presentation

Fischer et al. [35] detect total motion in a shot by comparirggreen unlit, long shots of the audience, medium close-tips o
the histograms of blocks of consecutive frames. In ordbuman figures on light backgrounds, and medium close-ups of
to detect object motion, they first calculate optical flow aguman figures on dark backgrounds. Frames are extracted from

described in [72]. Motion due to camera movement (e.dVPEG videos every 0.5 second. Each frame is converted to a

panning) would result in all blocks having motion. Usingsthi 64 x 64 grayscale intensity image. These are then transformed

camera motion can be subtracted, leaving only the motion @ging a discrete cosine transform (DCT) or a Hadamard trans-

objects. These objects are identified by segmenting pixigéts wform (HT). Principal component analysis (PCA) is applied

parallel motion. to reduce the dimensionality. PCA takes as input variables
Nam et al. [4] measure the motion density within a shot. A1, X2,..., X, and finds new value<,, 7, ..., Z, that

2D wavelet transform is applied to each frame within a share combinations of the input values. These new values are

A 1D wavelet transform is then applied to the intensity afincorrelated and ordered such tiathas the greatest variance

each pixel in the sequence of 2D-wavelet transformed fram@3d Z,, the lowest [80]. By keeping only thosg; terms with

to produce a motion sequence [73]. The dynamic activity #1e greatest variance, the original data can be represénted

the shot is calculated by fewer dimensions. The input features to the model are the
DCT or HT coefficients with the highest variance as well as

. S k the most important principal components. The authors find

dynamic activity= T _;rl (;L s (m’m') that the Hadamard transform performed slightly better than

the DCT for this application.
whereb is the beginning frame; the ending framel" = e—b Wei et al. [56] classify four types of TV programs: news,
is the shot length, andh* (m, n) is thei'" frame of the motion commercials, sitcoms, and soap operas. Faces and text are
sequence within thé'" shot. detected and tracked simultaneously to improve perforganc
Roach et al. [42] detect the motion of foreground obFhe presence of faces or text, the quantity present, and thei
jects using a frame-differencing approach. Pixel-wisena trajectories are some of the features used for classifitatio
differencing of consecutive frames is performed using tHeomain knowledge, specifically how different types of TV
Euclidean distance between pixels in tRé& B color space. programs use distinct or gradual cuts between shots, isdfoun
These values are thresholded to better represent the motwimprove the results. Classification is performed by magpi
and doing so for the sequence of pixels produces a 1D sigaaVideo clip into the feature space and finding its weighted
in the time dimension. To reduce this signal's sensitivity tdistance to the centers of the four classes; the weights are
camera motions, it is differentiated to produce a final moticchosen empirically.
signal. Dimitrova et al. [66] extend the work of Wei et al. [56]
to classify four types of TV programs: news, commercials,
sitcoms, and soap operas. Faces and text are detected and
tracked. Counts of the number of faces and text are used for
In this section we summarize those papers (listed in chroriabeling each frame of a video clip. An HMM is trained for
logical order) that have utilized visual features only ftass each class using the frame labels as the observations.
sifying video. Summary of the main visual-based featureb an Truong et al. [60] choose features they believe correspond t
the papers that utilized them, whether alone or in comtonatihow humans identify genre. The features they use are average
with other types of features, can be found in Table III. shot length, percentage of each type of shot transition (cut
lyengar and Lippman [59] investigated two methods fdiade, dissolve), camera movement, pixel luminance vagianc
classification of video. In the first method, they consideradte of static scenes (i.e., little camera or object motion)

B. Video Classification Using Visual Features Only
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TABLE Il
PAPERSUTILIZING VISUAL-BASED FEATURES

Color-Based Shot-Based Object-Based MPEG Motion-Based
Motion | Optical | Frame
Paper Color | Texture | Edge || Trans. | Length || Face | Text | Other DCT Vectors Flow Diffs Other
lyengar and Lippman [59] X X X
Girgensohn and Foote [7# X

Wei et al. [56] X X X
Dimitrova et al. [66] X X
Truong et al. [60] X X X X
Kobla et al. [7] X X
Roach et al. [75 X
Roach et al. [76 X X
Pan and Faloutsos [77] X
Lu et al. [64]
Jadon et al. [63] X X X
Hauptmann et al. [2]
Pan and Faloutsos [39]
Rasheed et al. [62]
Gibert et al. [78]

Yuan et al. [65]

Hong et al. [79]
Brezeale and Cook [18] X
Fischer et al. [35]
Nam et al. [4
Huang et al. [36]

Qi et al. [21]

Jasinschi and Louie [19]
Roach et al. [42] X
Rasheed and Shah [40]
Lin and Hauptmann [20]
Lee et al. [37] X X
Wang et al. [13] X X X X
Xu and Li [43] X X X
Fan et al. [8] X X X

X

X| X[ X[ X[ X| X

X| X[ X[ X[ X
X

x| X

length of motion runs, standard deviation of a frame luma@ganframes. In both cases the motion is represented by a second
histogram, percentage of pixels having brightness aboweesoorder signal. A DCT is applied to these signals to reduce
threshold, and percentage of pixels having saturation e@bdte dimensionality. The firsh DCT coefficients from each
some threshold. Classification is performed using the C4slgnal are concatenated to form a feature vector. Clagsifica
decision tree to classify video into one of five classes:omart is performed with a GMM. The video classes were: sport,
commercial, music, news, or sports. cartoon, and news.

Kobla et al. [7] classify video as either sports or non-sport Pan and Faloutsos [77] use a shot-based method for dis-
Their choice of features are based on cinematic principlésguishing news from commercials. After detecting shats,
and are extracted directly from the compressed domain griaph is constructed from related shots. They found that the
MPEG. The features chosen are the use of instant replgyaphs for news stories are much larger than the graphs for
amount of frame text, fraction of frames with motion, theommercials, which might only consist of a few nodes.
average magnitude and standard deviation of the motionLu et al. [64] classify a video by first summarizing it. The
and the standard deviation of the motion direction. Instaablor channel bands of each frame are normalized and then
replay is detected using MPEG macroblocks. Classificationoved into a chromaticity color space. After more procegsin
is performed using a decision tree. including both wavelet and discrete cosine transformsh eac

Roach et al. [75] classify video as either cartoon or nofframe is now in the same lighting conditions [50]. A set of
cartoon. The visual feature chosen for classification is tielve basis vectors determined from training data can now
motion of foreground objects, which are detected usinglpixée used to represent each frame. A hierarchical clustering
based frame differencing. This produces a second ordectobjalgorithm segments the video into scenes; the keyframes
motion signal. The dimensionality of this signal is redubgd from the scenes represent the summarized video. One HMM
applying a DCT. The authors investigated how many DCi trained for each video genre with the keyframes as the
coefficients to use for constructing the feature vector amdbservation symbols. The video genre are news, commercials
found the best results occurred by keeping 4-8 coefficientmsketball games, and football games.

Classification is performed using a GMM. Jadon et al. [63] chose visual features guided by cinematic

Roach et al. [76] performed classification using only dyprinciples. Each feature is fuzzified, that is, values are as
namics, that is, object and camera motion. Camera motisigned to qualitative categories (e.g., slow, moderatst).fa
is detected using an optical flow-based approach. Obj&tiassification rules are learned using a genetic algoriffime.
motion is detected by comparing pixels between consecutieatures chosen are editing style (i.e., are shot changesialr
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or abrupt), pace (as measured by shot duration and numbetion direction symbols. The output probability for each
of shots), shot activity (measured by the amount of motiarlass is calculated by taking the product of the color and
in a shot), and camera motion (pan and zoom). Videos aretion output probabilities for that class.
classified as news, sports, or feature films, then news anddong et al. [79] take an object-based approach to clas-
feature films are sub-classified. sification of video shots. A video is segmented into shots
Hauptmann et al. [2] describe the process they used fasing color histograms and global motion. Up to two objects
classifying video shots for the 2002 TREC conference. Videwe identified in each shot, which a human confirms. The
is classified into one of nine classes: outdoors, indooishjects are represented by color, texture, and trajectiiey a
cityscape, monologue, face, people, text detection, $peecompensating for any global motion, which results in a 77
and instrumental sound. The image features Hi®V color term feature vector. In the training phase, a neural network
histograms oB x 3 regions of the I-frames from MPEG video,clusters related shots, which is followed by a cluster-to-
the mean and variance of a texture orientation histograngtegory mapping to one of twelve categories: five types of
an edge direction histogram, and edge direction coherenehicle motion and seven types of human motion. In the test
vector (used to distinguish structured edges). Cameraomotphase, the same process is followed for producing the featur
and MPEG motion vectors are also investigated but found vector representing a shot; it is classified by finding thet bes
be unhelpful. Classification performance is compared fer timatching cluster.
following classifiers: SVM,kENN, Adaboosting, and decision Yuan et al. [65] propose two new classification method-
tree. The SVM performed the best. ologies using a series of support vector machine classifiers
Pan and Faloutsos [39] investigate the use of independantanged in a hierarchy. The high-level video classes are
component analysis (ICA) as applied to visual and audeammmercial, news, music video, movie, and sports. The movie
features separately; we describe the visual-based agpinacclass is further divided into action, comedy, horror, and ca
this section. For each class, a set of basis functions aneeder toon while the sports class is further divided into baseball
A video is classified as the genre whose basis functions bbsasketball, football, soccer, tennis, and volleyball.
represent it, with best being defined as the smallest eroon fr  The features are average shot length, cut percentage, av-
reconstructing the clip. erage color difference, camera motion (still, pan, zoong an
To produce the visual features, each frame is divided intdher), face frames ratio, average brightness, and averdge
9 regions ofn x n pixels each. These pixels and the correentropy (i.e., color uniformity). A binary tree is constted
sponding pixels of the next — 1 frames form a VideoCube. using an SVM at each node. In the locally optimal approach,
ICA is applied to the red components of the pixels within eachfold cross-validation is used to determine the optiméit sp
VideoCube to derive the video basis functions. The claséesad classes at each node into two child nodes. If a child node
video are news and commercials. has two or more classes, it is further split in the same manner
Rasheed et al. [62] used low-level visual features to diassiThe globally optimal approach also generates a binary ige,
movie previews by genre. Features are chosen with specditpossible binary trees are considered and cross-vaditat
cinematic principles in mind. The features are average sheated to choose the one with the highest classification acgura
length to measure the tempo of the scene, shot motion conteat example, using the locally optimal approach described
to determine amount of action, lighting key to measure hoabove, one possible binary tree may begin with the first level
well light is distributed (i.e., are there shadows) and colelasses: commercial, news, music video, movie, and sports.
variance, which is useful for distinguishing between suchhe best binary split might be commercial in one node and the
genre as comedies (which tend to have bright colors) anther four classes in the other node. This second node méght b
horror movies (which tend to be dark). further split into movie in one node and the remaining three
Clustering is performed using mean-shift clustering. Thidasses in the second. When a node contains only the class
method is chosen because it can automatically detect thevie or the class sports, it would then be split in a similar
number of clusters and it is nhon-parametric, so it is unnefashion into the various sub-categories of movie and sports
essary to make assumptions about the underlying structureBrezeale and Cook [18] perform classification using text
The genre studied are action, comedy, drama, and horrand visual features separately; we describe the use oflvisua
but the authors kept in mind that some movies may fall inteatures here. Video clips in the MPEG-1 format from fif-
several genre categories. The mean-shift clustering approteen genre of movies are segmented into shots using color
produced six clusters, which are labeled action+dramandya histograms in theRGB color space, after which each shot
comedy+drama, comedy, action+comedy, and horror. is represented by a keyframe of the DC term of the DCT
Gibert et al. [78] use motion and color to classify sportsoefficients. The DC term is proportional to the averageealu
video into one of four classes: ice hockey, basketball falht of the block from which it is constructed. By using only
and soccer. Motion vectors from MPEG video clips are usede DC terms, each keyframe can be represented using only
to assign a motion direction symbol to each video framé&/64 of the total number of DCT coefficients. The keyframes
Color symbols are assigned to each pixel of each frame.ake clustered using A&-means algorithm so that similar shots
symbol for the most prevalent color is assigned to the entiaee grouped together; this allowed each video clip to be
frame. Unlike most other applications of HMMs for videaepresented as a feature vector whose elements are a count of
classification, the authors train two HMMs for each videbow many of each type of shot are present in the video clip.
class: one for the frame color symbols and the other for ti@assification is performed using a support vector machine.
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VI. COMBINATION APPROACHES of HMMs. In the first stage, audio features are used to train

o HMMs for distinguishing between commercials, football or
_Many authors chose to use some combination of audig,qyethall games, and news reports or weather forecasts. In
visual, and text features in an attempt to incorporate the@s o second stage, visual features are used to train HMMs to

of the viewing process that these features represent andyiQinquish football games from basketball games and news
overcome the weaknesses of each. One difficulty in usipg

. ) reports from weather forecasts. For the fourth method, for
features from these three different areas is how to comb@é)ch of the three types of features (audio, color, motiom), a

the features, which some authors explored. Some chose i\, is trained for each class. The output from these HMMs
combine all features into a single feature vector while (he o mes the input to a 3 layer perceptron neural network. The
trained classifiers for each modality and then used anothgr .t HMM gave the best average classification accuracy.
classifier for making the final decision. _ Qietal [21] classify a stream of news video into types of
Fischer et al. [35] use a three-step process to classifyovidge,ys stories. Audio and visual features are first used tectlete
clips by genre. The genre studied are news, car racing 6porjijeo shots and then these shots are grouped into scenes if
tennis (sports), commercials, and cartoons. In the firstts® \ecessary. The closed captions and any scene text detected
extract syntactic propertles fromQB frg_meg: color stat|st|_cs, using optical character recognition (OCR) are the featuses!
cuts (or shots), motion vectors, identification of some $Mpyy 4 support vector machine for classifying the news stories
objects, and audio features. Jasinschi and Louie [19] classify TV shows using audio
In the second step they derive style attributes using infqgatures. Twenty audio features are extracted from 20 ms win
mation found in step 1. This consists of dividing the videgows that overlap each other by 10 ms. These audio features
into shots using color histograms, using motion informatiogre ysed to produce an audio category vector with probgbilit
(motion energy is calculated by image subtraction; motiqgyyes for six categories: noise, speech, music, speec$e;no
vectors are calculated using an optical flow technique) eech+speech, and speech+music. Visual features are used
distinguish between motion due to the camera panning @f getect commercials. Annotations provided in the closed
zooming and object motion, object segmentation, and digaptions are used to segment the non-commercial parts of a
tinguishing between the sounds of speech, music, and noiSg program. The audio category vectors for all segments of a
(using frequency and amplitude). show are combined to classify the TV show as either financial
In the third step, modules for each of the style attributfews or talk show.
(scene length and transition style, camera motion and bbjecRoach et al. [42] extend their earlier work, classifying
motion, occurrence of recognized objects, audio) estirttee video using the audio features described in Roach and Mason
likelihood of the genre represented as a fuzzy set. A wethhtR11] as well as visual features obtained in a manner similar
average of the estimates is used to produce a final decisiofy that described in Roach et al. [75]. A GMM is used
Nam et al. [4] focus specifically on identifying violent vidle for classification of a linear combination of the conditibna
shots. First, the motion within a shot is measured by applyiprobabilities of the audio and visual features. The videssts
a 2D wavelet transform to each frame within a shot. A 1Rre news, cartoons, commercials, sports, music videos.
wavelet transform is then applied to the intensity of each Rasheed and Shah [40] classify movies by analyzing the
pixel in the sequence of 2D-wavelet transformed framess&hqreviews of the movies using a combination of visual feature
shots whose motion exceeds some predetermined threshaldio features, and cinematic principles. The previews are
are identified as action shots. Violent action shots areediff segmented into shots using the intersectionfb$V color
entiated from non-violent action shots by identifying audihistograms of the video frames, after which the average shot
and visual signatures associated with gunfire and explssiorength is calculated. Using a structural tensor-basedosupr,
Specifically, violence is identified using the colors asatet the amount of motion in a preview is determined by calcutatin
with flames and blood as well as the energy entropy of burskg visual disturbance (i.e., the ratio of moving pixels e t
of sounds produced by gunfire and explosions. total pixels in the frame) for each frame in a preview. By
Huang et al. [36] combine audio and visual features fgiotting the visual disturbance against the average singtihe
classifying video from the following classes: news reporta linear classifier can separate the action movies from the no
weather forecasts, commercials, basketball games, atiobibo action movies. Action movies are subdivided into those with
games. The audio features produced are as described in [§i8¢. or explosions and those without by analyzing the audio
The visual features are dominant color, dominant motidor sudden increases in energy. If the frames corresponding
vectors, and the mean and variance of the motion vectors.to those points show an increase in pixel intensity, it is
Four ways of using these features are investigated. In thgsumed that a fire or explosion has occurred. Among non-
first method, the audio and visual features are determined &xtion movies, light intensity is used to classify movies as
each clip and concatenated into a single vector. The featuoemedies, dramas, or horror movies. Comedies tend to have
vectors for sequences of 20 clips are the input to HMMAjgh levels of light intensity while horror movies tend toviea
one for each video class. In the second method, audio, coloky levels. Dramas are somewhere in the middle. Threshold
and motion features are produced for each video frame avalues are used to separate the three genre.
a separate HMM is trained for each. The product of the Lin and Hauptmann [20] combine classifiers of visual and
observation probabilities for each these three types dfifea text features. A video is divided into shots and a keyframe
is used for classification. The third method uses two stagiessextracted from each. Each keyframe is represented by a
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vector of the color histogram values in tfi&+ B color space. cartoon, news, commercial, music.
A support vector machine is trained on these features. ForFan et al. [8] perform classification using ‘salient’ objgct
each shot, the closed captions are extracted and reprdsemtieich the authors define as “the visually distinguishabtivi
as a vector. For these vectors, another SVM is trained.  components that are related to human semantics.” Aftetiiden
Two methods for combining classifiers are investigated. THging the salient objects, visual and audio features anaeted
first method is based on Bayes’ theorem and uses the prodioct each. The visual features include density ratio, shape,
of the posterior probabilities of all classifiers. Performo@is location, color, texture, and trajectory. The audio feasur
improved by assuming equal prior probabilities. The secomatlude loudness, pitch, and fundamental frequency. Adfinit
method uses an SVM as a meta-classifier for combining thexture model is used to model the relationship between
results of the other two SVMs. Both methods had similagalient objects and the classes. Another contribution ef th
recall, but the SVM meta-classifier had statistically siigant paper is an adaptive expectation maximization (EM) alarit
higher precision. for allowing the use of unlabeled samples as well as labeled
Lee et al. [37] use the DCT coefficients from MPEG videsamples. The authors found that performance improved by
to detect edges for the purpose of classifying scenes ofingluding the unlabeled samples. The authors applied their
basketball game. The authors define the term “edgeness’nasthod to the domain of medical education videos using six
the total length of edges in a frame. They find that crowdediasses of semantic video concepts.
scenes have high edgeness, normal play scenes have medium
edgeness, and close-up scenes have low edgeness. Domain
knowledge of the duration of an event is used to subcategoriz
close-up scenes as “goal”, “foul”, or “other” (e.g., the wd). In order to compare different approaches to video classifi-
Many of the foul scenes are misclassified when duration ¢ation, ideally each would be tested on the same data sets
used alone, so subband energy is measured to detect a iefeme measured using the same metrics, as demonstrated by
whistle for improving the classification of foul scenes. the TRECVid program. However, from the data descriptions
Wang et al. [13] classify news video into one of temrovided in the papers we reviewed, it appears that almbst al
categories. Classification is performed primarily usingt teof the experimental results are based on the use of different
features. The spoken text from news stories is extractejustlata sets. In particular the experiments differed in the lmem
speech recognition. Audio features are extracted from oasd type of video classes, number of training and testing
second clips. Forty-nine audio features are produceddimdu examples, and length of video clips. The exceptions are the
8-order mel-frequency cepstral coefficients, high zerssirgg few instances where we reviewed multiple papers from the
rate ratio, and bandwidth. From each video shot, 14 featuggme authors. In addition, not all of the papers measured
are produced including the number of faces, display of dosthe results in the same manner. Most used percent-corectly
captions, shot duration, and motion energy. classified as the performance metric, but a few measured
Using the text features, an SVM produces a confidenperformance using the recall and precision metrics nogmall
vector for each news story. A confidence vector is producedsociated with information retrieval. This makes it difftc
by one GMM per class using the audio features. A confidentse compare the approaches reviewed in order to determine
vector is also produced by one GMM per class using the viswahich give the best overall results. Therefore, for thissoen
features. If the confidence vector produced by the SVM usinge focus on describing the advantages and disadvantages of
text features exceeds some threshold, then it is used tsifglasthe most common features found in the video classification
the news story. If not, then an SVM-based meta classifier literature. The pros and cons of the different types of fiesestu
used with the input being the concatenation of the text,@udiare summarized in Table IV.
and visual confidence vectors. Of the methods for producing text features, extracting
Xu and Li [43] combine audio and visual features forlosed captions from a television broadcast imposes thesew
classification. The audio features are the 14 mel-frequenmymputational requirements. It also has the highest acgura
cepstral coefficients. The visual features are the mean amben the closed captions are not produced in real-time, as is
standard deviation of MPEG motion vectors as well as thréige case for some news broadcasts. Dialog transcripts peddu
MPEG-7 visual descriptors: scalable color, color layouig a using speech recognition have high error rates, espegiain
homogenous texture. sounds besides voices are present; Hauptmann et al. [2{ repo
The audio and visual features within a predetermined wian error rate of 35-40% when speech and music overlap.
dow (time span) are concatenated into a single feature wecto In order to extract text from text objects, potential text
In addition to synchronizing audio and visual features thatgions must be identified first. Some methods for locatirg te
are captured at different rates, this allows some temporabions in video frames rely on detecting vertical or hanizd
information to be represented. Windows of 2 to 40 seconds a@ges, which limits their applicability to text that is arged
tested with the best results occurring using window sizet0of horizontally [81]. These methods are better suited to ektrg
seconds. To reduce the dimensionality of the feature vectathe graphic text of a news program than they are for scene
principal component analysis is applied to each. Classifica text. The performance of OCR is worse when the background
is performed using a GMM. Different numbers of mixturés complex [82]. Overall, extracting text from text objedtses
components are tested with the best results occurring witbt perform well in many situations; Hauptmann and Jin [83]
three or more components. The video classes are sporéport an OCR accuracy of 27%. Some authors have reported

VIl. COMPARISON OFFEATURES



IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS, VOL. UXKNOWN, NO. UNKNOWN, UNKNOWN 2007 13

TABLE IV
COMPARISON OFFEATURES
| Feature Type | Pros/Cons |

Text Features

Closed Captions High accuracy when not produced in real-time, high dimemaity, computationally cheap to extract

Speech Recognitior] High error rates

OCR Can extract video text not present in dialog, computatignexpensive
Audio Features Require fewer computational resources than visual festul@s are typically shorter in length and smaller |in

file size than video clips, difficult to distinguish betweeniltiple sounds

Visual Features

Color-Based Simple to implement and process, crude representation

MPEG Easy to extract, but video must be in MPEG format

Shot-Based Difficult to identify shots automatically, so may not be aate

Object-Based Difficult, limited on number of objects, computationally peasive

Motion-Based Difficult to distinguish between types of motion, computagl requirements range from low (MPEG motion

vectors, frame differencing) to high (optical flow)

much higher accuracy rates when the on-screen text does cawlbr histograms lose spatial information and color-baed-
vary much in font type and size, as it does in commercigbarisons suffer when images are under different illumarati
[21]. conditions [64]. The crudeness of the color histogram also
Representing video using text features typically resuits means that frames with similar color distributions will @pap
vectors with very high dimensions [20], even after applyingimilar regardless of the actual content. For example, thar c
stop lists and stemming. Brezeale and Cook [18] report tieat thistogram of a video frame containing a red apple on a blue
term-feature vectors produced from the closed captionslof tablecloth may appear similar to the histogram of a red ballo
movies had 15,254 terms each. While extracting text featuiia the sky.
from video may not be time-consuming, processing the textObject-based features can be costly and difficult to derive.
can be due to this high dimensionality. Wei et al. [56] report that detecting text objects is effitien
Text features are especially useful in classifying somegenenough to be applied to all video frames but that detecting
Sports [7] and news both tend to have more graphic tefdces is so expensive that they limited it to the first few
than other genre. Text features derived from transcripgs drames of each shot. Most methods require that the objects
better than audio or visual features at distinguishing betw be somewhat homogenous in color or texture in order to
different types of news segments [54]. segment them correctly, which may also require confirmation
Audio features require fewer computational resources timm humans [79]. Objects that changed shape, such as ¢louds
obtain and process than visual features [27]. Audio clies awould also prove difficult to handle.
also typically shorter in length and smaller in file size than The quantity of motion in a video is useful in a broad sense,
video clips. Many of the audio-based approaches use lobwut it is not sufficient by itself in distinguishing betweemet
level features such as ZCR and pitch to segment and desctijgges of video that typically have large quantities of motio
the audio signal with higher-level concepts such as speeshch as action movies, sports, and music videos [4]. Cdicula
music, noise, or silence, which are then used for classificat ing the quantity of motion in a shot includes using opticalflo
Some of these approaches assume that the audio signal MIREG motion vectors, or frame differencing. Optical flow is
only represent one of these high-level concepts [84], wiichcostly to calculate and may not match the direction of thé rea
unrealistic for many real-life situations. motion, if that is also required. For example, if the camera
Most of the visual-based features rely in some manner panned to the left then the optical flow would indicate that th
detecting shot changes and are therefore dependent on damajion moves to the right. The optical flow algorithm of Horn
so correctly. This is the case whether the feature is the slaotd Schunck has problems with occluded edges since they
itself, such as average shot length, or applied at the shek le cause a discontinuity in reflectance [72]. Extracting mmotio
such as average motion within a shot. Detecting shot changestors from MPEG-encoded video is not costly, but of course
automatically is still a difficult problem, primarily due the requires that the video be in this video format in the first
variety of forms transitions between shots can take [47]. place. However, motion as indicated by motion vectors may
Frame-based features are costly to produce if each frabme less accurate than motion as measured using optical flow
is to be considered. This also results in a tremendous amo[§4]. lyengar and Lippman [59] found that measuring motion
of data to process for full-length movies. This can be madesing frame differencing produced results similar to thibeed
easier by only processing some frames, such as the keyframmessured motion using optical flow, yet frame differencing
of video shots. This assumes that the keyframe chosenigssimpler to implement and less computationally expensive
representative of the entire shot. This assumption will bHéowever, region-based features such as frame differerarimg
violated if there is much motion in the shot. non-specific as to the direction of the motion [75].
Color-based features are simple to implement and inexpenMeasuring specific types of motion, such as object motion
sive to process. They are useful in approaches wishing to wsecamera motion, is also a difficult problem because of the
cinematic principles. For example, amount and distributd difficulty in separating the two. Many approaches for measur
light and color set mood [62]. Some disadvantages are tliag the motion of objects require that the object be segnagnte
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which is a difficult task itself [75]. Identifying object mion  [3]
can be made easier if global motion can be detected and
adjusted for. However, calculating global motion is costhd
therefore some applications only apply calculations teoresg)

[79]. [5]

VIII. CONCLUSIONS (6]

We have reviewed the video classification literature and
found that a large variety of approaches have been explore[q]
Features are drawn from three modalities: text, audio, and
visual. The majority of the literature describes approadhat
utilize features from a single modality. (8]

While much has been done, there are still many research
opportunities in automatic video classification and thetes
field of video indexing. Only a few of the papers that wel°l
reviewed attempted to perform classification at the shot b
scene level. Being able to classify at the shot or scene
level has many applications, such as content filtering ,(e.§1]
identifying violent scenes), identification of importameses [12]
[85], and video summarization [86]. This would also be ukefu
in subdividing genre, such as creating a category of actié43l
movies that include car chases.

Most of the papers that we reviewed experimented with six
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S. W. Smoliar and H. Zhang, “Content based video indexaryl
retrieval,” IEEE Multimedia vol. 1, no. 2, pp. 62—-72, 1994.

] J. Nam, M. Alghoniemy, and A. H. Tewfik, “Audio-visual ctent-based

violent scene characterization,” imternational Conference on Image
Processing (ICIP '98)vol. 1, 1998, pp. 353-357.

S. Moncrieff, S. Venkatesh, and C. Dorai, “Horror film gerntyping and
scene labeling via audio analysis,” 2003.

W. Zhu, C. Toklu, and S.-P. Liou, “Automatic news videgysgentation
and categorization based on closed-captioned text/EBE Interna-
tional Conference on Multimedia and Expo (ICME 2002p01, pp.
829-832.

V. Kobla, D. DeMenthon, and D. Doermann, “ldentifyingasis videos
using replay, text, and camera motion features,SRIE conference on
Storage and Retrieval for Media Databas@®00.

J. Fan, H. Luo, J. Xiao, and L. Wu, “Semantic video classifion and
feature subset selection under context and concept uimtgitan JCDL
'04: Proceedings of the 4th ACM/IEEE-CS joint conferenceDogital
libraries, 2004, pp. 192-201.

G. Oldham,First Cut: Conversations with Film Editors Berkeley, CA:
University of California Press, 1992.

] D. Bordwell and K. Thompsorkilm Art: An Introduction 5th ed. New

York, New York: McGraw-Hill, 1997.

C. M. Bishop,Pattern Recognition and Machine LearningNew York,
NY: Springer, 2006.

R. O. Duda, P. E. Hart, and D. G. Stofattern Classification2nd ed.
New York, NY: John Wiley & Sons, 2001.

P. Wang, R. Cai, and S.-Q. Yang, “A hybrid approach to sigideo clas-
sification multimodal features,” iProceedings of the Joint Conference
of the Fourth International Conference on Information, Goumications
and Signal Processing and the Fourth Pacific Rim Conferenne o

or fewer classes of video, so more research must be conducted Multimedia vol. 2, 2003, pp. 787-791.

to determine how well they would work under real condition$!
The Moving Image Genre-form Guide [87] lists 129 genrgs;
(e.g., scifi, drama, etc.) and 36 forms (e.g., mini-serieature
film, etc.). Included in this list of 129 genre are sub-gefoe,
example, situation comedies and dark comedies. Among thg
papers that we reviewed, the closest any came to subdividing
a genre in this sense is to identify different types of sports[17]
Another related area of research is user modeling, which
from the viewer’s perspective consists of classifying vid&o
one of two classes: what the viewer likes versus dislikes. [#f]
the case of entertainment video, users may like movies from
a variety of genre but not every movie in any particular genrggj
Classification by genre does help to narrow the search, but th
viewer must still work to identify the particular video with
a genre to watch. The existing methods for video recom-
mendation use some combination of collaborative filtering o
text-based information retrieval techniques [88]. Codiattive 1]
filtering makes recommendations given what ‘similar’ peopl
like. Information retrieval approaches make recommendati [22]
using descriptive information about the video, such as genr

actors, and director. These approaches have been showipdp

perform well, but much of the video now available on the

Internet lack the ratings required by collaborative filhgrand [24]
the descriptive information required by information rewal 25]
approaches, so there is an opportunity for automatic video

classification here as well. 26]
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