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ABSTRACT

INEMATOGRAPHIC shot classification is an important and challenging task

due to its creation mechanisms. A variety of shot types are used in movies

in order to attract audience attention and enhance their viewing experi-

ences. In order to index the cinematographic shots in video databases, shot classi-
fication is considered as a primary task. In order to classify cinematographic shots,
we propose three frameworks in this thesis. Firstly, we propose a context saliency
based framework. Inthe proposed framework, we introduce context saliency based
feature extraction technique from a keyframe of a cinematographic video shot. The
extracted features from a training dataset are used to train a Support Vector Ma-
chine (SVM) to classify the cinematographic shots into pre-defined shot classes.
In the second framework, we propose another keyframe based shot classification
technique. In this technique, in addition to context saliency map features, a set
of cinematographic domain feature extraction mechanisms are proposed for cin-
ematographic shots classification. The proposed approach works in a hierarchical
manner. There are two steps involve in the proposed method. Firstly, shots are
classified based on depth information extracted from keyframes. Secondly, shots
are further classified by using orientations of objects on keyframes. For classifica-
tion we use SVM. In the third framework, we propose a non-parametric camera

motion descriptor called CAMHID for video shot classification. In the proposed
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method, a motion vector field (MVF) is constructed through the extraction of
motion vectors using block matching on a sequence of consecutive video frames.
Then, each frame is divided into a number of local regions of equal size. Next, the
inconsistent/noisy motion vectors in each local region are eliminated through a
motion consistency analysis. The remaining motion vectors of each local region in
the sequence of consecutive frames are further collected for a compact representa-
tion. A matrix is formed using the motion vectors. The matrix is then decomposed
using the singular value decomposition (SVD) technique to identify the dominant
motion. The angle of the most dominant principal component is then computed
and quantised to represent the motion of the local region using a histogram. In
order to represent the global camera motion, the local histograms are combined.
The effectiveness of the proposed motion descriptor for video shot classification is
tested by using SVM. The proposed camera motion descriptor for video shots clas-
sification is evaluated on two video datasets consisting of regular camera motion
patterns (e.g., pan, zoom, tilt, static). As an application of CAMHID, we extend
the camera motion descriptor by adding a set of features for classification of cin-
ematographic shots. The experimental results show that the proposed shot level
camera motion descriptor has a strong discriminative capability to classify differ-
ent camera motion patterns of different videos effectively. We also show that our
approach outperforms state-of-the-art methods. Additionally, we further apply

CAMHID features in video copy detection task as another application.
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I'think and think for months and years. Ninety-nine times, the
conclusion is false. The hundredth time I am right.

Albert Einstein

Introdu&ion

1.1 INTRODUCTION

VIDEO IS AN IMPORTANT MEDIUM and it describes the visual content of a scene
with the help of time domain to human eyes. Smooth visual information flow is
achieved by capturing a significantly large number of sequential frames per second
to comply with the human brain’s cognition speed limit. As a result, video cameras
have to capture highly redundant visual data. With the ever increasing production
of video data, the demand of efficient indexing, retrieving and browsing is also in-
creasing. Developing such techniques are being considered as one of the major
goals in the multimedia data research community [ 5 ]. A video produced by a freely

moving camera is a rich form of data which is heavily existed in today’s multimedia
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contents. Apart from the visual information, interesting spatio-temporal informa-
tion is also buried inside the raw video data. Finding and using such information
linking with the semantics is the key to index video data.

Out of wide variety of video contents, movie is one of the most influential me-
dia of entertainment for the consumers of all around the world. As the world be-
comes highly connected where ever-increasing amount of video information is just
a click away, it is now a big concern to the multimedia researchers to develop ef-
fective techniques so that the videos can be stored and managed efficiently. The
recent advancements in video compression technologies and high speed Internet
connectivities have made it possible for an easy distribution of videos to the end
users. Based on such technologies, many web based video related user applica-
tions have been emerging such as online movie databases (i.e., IMDb and Net-
flix), social video sharing websites (i.e., Youtube and Bing), digital video libraries
and video-on-demand. In order to provide effective and efficient access to the
video databases, a wide variety of research is taking place. Many video indexing
solutions have been proposed for most of the video genres. However, movie do-
main video indexing and retrieval task is relatively ignored. Due to the redundant
form of video data and the internal structure of the movie, developing a movie in-
dexing and retrieval is a challenging task. The challenge mainly comes from the
movie making procedure itself. A movie is a collective brainchild of key person-
nel involved in the making procedure. The key personnel for making a movie in-
clude the movie’s script writer, director, cinematographers and actors. The artis-

tic involvement of each personnel enables a director to make a movie. A movie
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is produced mainly in three major steps: pre-production, production and post-
production [6]. The pre-production step mainly includes screenplay writing and
planning. In the production phase, cinematographers make cinematographic shots.
In the post-production step, directors put the selected shots sequentially along with
dialogues and music in an artistic storytelling manner to craft a finished produc-
tion. At this stage, the directors apply intuitive creativity to create movie for the
target audience. This phase is a highly complex stage as the movie post-production
is mainly a subjective matter. As a whole, the final outcome of the complete pro-
cedure is a sequence of cinematographic shots. Finding the semantics from such
an unorganised collections of cinematographic shots and indexing them are a big
challenge.

In order to index cinematography shots in a movie database, it is important to
identify the points of interests of the movie users. There is a relationship between
apoint of interest and semantics. Points of interests vary according to users. In any
case, shot level movie analysis is considered as a rudimentary task. The structure of
a movie can be discovered by alalysing its shots. Moreover, the semantics of each
shot can also be discovered by analysing the shot. In order to do that, identifying
the characteristics of each shot type and extracting them are the first challenge.
Consequently, indexing a movie according to its identified characteristics is next
challenge. Traditionally, such characteristic identification is done by using spatial,
temporal and/or both features.

In order to dig into the detail of cinematographic shot level analysis, firstly, we

identify video shot types from different perspectives. Based on different perspec-
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tives, we classify different video shot types. According to the generic characteris-
tics of a video shot type and cinematographic intrinsic characteristics, cinemato-
graphic shot types are classified from different points of view. Finally, we discuss

about different approaches to cinematographic shot classification.

1.2 SHOT CLASSIFICATION

In professional video photography, cameramen often capture video shots from dif-
ferent angles and different depths. Each shot is captured intentionally, and in a
grammatically correct way and a proper manner to tell a story. Therefore, each
video shot preserves semantics from a director’s point of view. Alternatively, it is
also true that different types of shots are directly related to a viewer’s emotions.
Using different shots, directors create affective scenes for movies. A scene is con-
sidered as a story unit which consists of a number of consecutive shots. A shot is
defined as a continuous strip of visual data which is made up of a series of frames.
Figure 1.2.1 shows the syntax of a movie structure. A video shot can be classified
based on two basic characteristics. It is based on the distance of an objects from
the camera or based on the camera operation. In the following, these two charac-

teristics are discussed in detail.

1.2.1  SHOT TYPE BASED ON CAMERA DISTANCE

Depending on the content and emotional involvement of a shot, a camera distance

varies significantly. Therefore, the size of an objects of interest on a view plane
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movie

IT 11 ] shot

Figure 1.2.1: Syntax of a hierarchical movie structure.

shows a level of emotional involvement. For example, a close-up shot in a movie
often shows the facial expressions of actors. A long distance shot is usually used to
show the wide view of a location. In terms of emotional involvement, the depth
of a shot is related to semantics of the shot. Based on the distance of a focused ob-
ject from a camera, video shots can primarily be classified into three broad classes:

close-up shot, medium shot and long shot [7].

« Close-up shot: This type of shots is one of the standard shots and is fre-
quently used in movies. In this type of shots, the most detailed information
of a face or an object is shown by tightly framing in it. Close-up shots can
vary greatly ranging from a extremely close view of an object or (e.g. a hu-
man eye) to the view of an actor up to his waist level [8]. Figure 1.2.2(a)

shows some examples of close-up shots.

« Medium shot: This type of shots is another frequently used in cinematogra-
phy. It shows a bigger picture of the performers, and often used to relate an
actor with context. In this type of shots, an actor’s body above his knees is

taken. Itis often used to show the body language of an actor. Figure 1.2.2(b)
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(c) long shot

Figure 1.2.2: Examples of video shot types based on camera distance are shown

in (a) - (c).

shows some examples of medium shot.

« Long shot: This type of shots shows the whole body of an actor. It provides
a big picture of the background surrounding the actor. It is used to establish
the locations of shooting-sets. Figure 1.2.2(c) shows some examples of long

shot.

Movie directors choose an appropriate depth in each shot for the need of a story.

1.2.2 SHOT TYPE BASED ON CAMERA OPERATION

While shooting, cameramen often use their skills to handle cameras effectively by
taking into account the video domain knowledge. Thus, apart from camera dis-

tance from performers, shots are to be captured through skilled camera operations.
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A set of well defined camera operations are routinely performed to accommodate
different actions of the objects of interest on a view plane. According to the camera

operations, video shots can be classified as follows [7].

« Staticshot: Static shots are captured by placing or holding the camera firmly
without any significant camera movements. For close-up view of objects,
static video shots are often captured. Figure 1.2.3(a) shows an example of

static shot.

« Pan shot: The panning shots are captured by rotating the camera about the
vertical axis. For the purpose of following objects horizontally, pan shots

are often used. Figure 1.2.3(b) shows an example of pan shot.

« Tilt shot: Tilt shots are captured by rotating the camera about the horizon-
tal axis. Tilt shots are used for following objects in the horizontal direction.

Figure 1.2.3(c) shows an example of tilt shot.

« Zoom Shot: Zoom shots are captured by changing the focal length of cam-
eralenses. Depending on the situation, we observe two types of zoom shots:

zoom in and zoom out. Figure 1.2.3(d) shows an example of zoom shot.

The above mentioned camera operations are applied according to the need. For
example, static shots are often used to display the emotions of actors. Zoom shots
are used to increase or decrease tension. Pan or tilt shots are used to follow objects

inascene. In practice, multiple shooting technique may be applied in a single shot.
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(b) pan shot

(c) tilt shot

(d) zoom shot

Figure 1.2.3: Video shot examples based on camera operations are shown in (a)
- (d). The left column represents the first frame of the shots. Second column
shows an intermediate frame of each shot. The third column shows the last
frame of each shot.

However, the shot can be classified based on the majority of the portion’s camera

motion characteristic.

1.3 CINEMATOGRAPHIC SHOT TYPES AND SEMANTIC INDEXING

Film making is completely based on film making grammars. Directors heavily ap-
ply these film making grammars on every single cinematographic shot. The di-
rectors’ main intention is to visualise a screenplay by capturing a cinematographic

shot through a set of camera motions and a set of viewpoints. Capturing gram-



Chapter 1. Introduction

matically correct cinematographic shots ensures the viewer’s attention on the pre-
determined actor(s), object(s) or place(s) based on the screenplay. In the follow-
ing, cinematographic shots are classified based on camera and object positions and

based on directing semantic classes.

1.3.1 CINEMATOGRAPHIC SHOT TYPES BASED ON CAMERA AND OBJECT Po-

SITIONS

Apart from the distance from a camera to a performer, movie shots can be further
classified based on the actor’s position, actor’s orientation, size of an actor and con-
tent of a shot. Therefore, according to movie theory [8], close distance shots can

be further classified into the following sub-classes:

1. Close-up shot: This type of a shot shows a close view of the upper-part of a
performer’s body. A close-up shot frames a person from his chest to a close
view of his face to show his facial expression. Affective contents of movies

are mostly represented using close-up shots [8].

2. Over-the-shoulder shot: In a face-to-face conversation scene, a camera is
putat an angle from where the back side of the shoulder of an actor is shown
in the frame and the camera points towards the other actor’s face. This type

of shots is a type of the most used shots in movies.

3. Medium close-up shot: Medium close-up shots have a bigger view than

other close shots and show performer’s body parts above the waist level.
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4. Medium shot: Medium shots have a larger view than medium close shots
and show performer’s body parts above knee level. These shots are good in

showing the body language of the actor.

5. Cut shot: Cut shot shows different parts of a human body other than his

face. Cut shots are mostly used to bring tension to audience.

There are different types of long distance shots. For example, extreme long shot,
medium long shot and long shot. Since the purpose of all long distance shots is to
show the location in a scene, we decide not to further classify the long shot into
sub-classes. Therefore, we propose to classify movie shots into six classes which are
close-up shot, over-the-shoulder shot, medium close-up shot, medium shot, cut
shot and long distance shot. The various types of shot classes are used to represent
different types of actions/settings which are independent of each other.

Using the dynamic spatio-temporal information, many methods have been pro-
posed for video concept detection and content based video indexing and retrieval
[9-13]. In a similar way, a robust semantic movie shot classification technique
can be used for many applications such as shot indexing and retrieval [ 14], movie
analysis for understanding the semantics of a shot [15], automatic movie editing
for theme representation [ 16], constructing movie structure for browsing a movie
[17], video summarisation [18] and movie genre classification [19]. Although
movie shot classification has many potential applications, it is considered as a chal-
lenging task. There are many reasons involved, as movie making is considered as

a complex and multidisciplinary medium. The approaches based on motion char-
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close-up (c) Over-the-shoulder
shot shot

.

ENE . A ; g
(d) Medium shot (e) Cut shot (f) Long shot

Figure 1.3.1: Example of commonly appeared shots in movie (a) - (f).

acterisation have played an important role in this regard [20].

1.3.2 CINEMATOGRAPHIC DIRECTING SEMANTIC CLASSES

Based on camera distance and the camera motion characteristics of cinematographic
shots, the construction of a taxonomy of the cinematographic directing semantics
is discussed in the following. The relationship of the camera motion and object
distance is important in directing semantic classes. The presence of a focused ob-
ject makes the viewers feel like they are tracking the object. For example, a panning
shot with a focused object gives a feeling to the viewers that the viewers person-
ally track the object. However, without any focused object, a panning shot simply
shows a place to the viewer. In cinematography, this type of shots is only used to
establish a new setting influencing viewers’ mind. Scene composition is another
aspect of cinematography which handles different issues such as distance of cam-

era, camera angle and light. Among them, distance of camera is crucial as it de-
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termines the degree of emotional involvement of a viewer. In movies, we often
see that highly emotional scenes are presented by using close-up/medium shots.
Long distance shots are used to establish the context of a focused object. For the
task of cinematographic shot classification, we group close-up and medium shots
into one class as it is not easy to distinguish the purposes of using these two types
of shots. In a wide range of movies, the use of close-up and medium shots are very
similar for similar emotional shots. However, long shots are mainly used for con-
textual tracking and contextual establishments. In the following two subsections,
we introduce two methods for grouping cinematographic shot types. Firstly, cine-
matographic shots are classified using the camera and object positions. Secondly,
cinematographic shots are classified using cinematographic directing semantics.

The cinematographic directing semantic classes are created using the basic di-
recting elements discussed in the previous subsection. In [4], the cinematographic
shots are analysed based on the directing elements and finally grouped into seven
semantic classes. 1) stationary, 2) contextual-tracking, 3) focus-tracking, 4) focus-
in, 5) focus-out, 6) establishment, and 7) chaotic shots. In reality, the directing
semantic classes of cinematographic shots are not clearly categorised into other
video domains (e.g., attack shots in soccer video). However, meaningful indexing
is still possible using the introduced directing semantic classes. In the following,
seven semantic classes are briefly described.

Stationary shot: A significant portion of cinematographic shots are dialogue
shots and the dialogue shots are mainly captured by using stationary shots. Sta-

tionary shots contain a minimum amount of camera movements to concentrate
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(a) static shot

(e) focus out shot

(f) establishment shot

(g) chaotic shot

Figure 1.3.2: Cinematographic directing semantic shot classes are shown in (a)
- (g). The left column represents the first frames of the shots. Second column
shows an intermediate frame of each shot. The third column represents the last
frame of each shot.
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the viewer attentions on the actor’s activities. Figure 1.3.2(a) shows an example of
static shots. In this particular case, as it can be seen, the shot is captured by focus-
ing on the actress using close-up shot while the camera movement remains almost
static.

Tracking shot: Tracking shots are the one which are captured by focusing on ob-
ject(s) and follow along the direction of a movement. This type of shots is used to
closely relate viewers to the objects [21]. It makes viewers feel like they are follow-
ing the objects. Because of its own characteristics, tracking shots are considered as
animportant shot class. There are two types of tracking shots used in cinematogra-
phy. 1) Contextual tracking shots which establish a relationship of an object with
the context by capturing a bigger picture of the scene. The focused object is cap-
tured using a long shot so that the object looks smaller but provides scenic detail
of the shooting set by using panning camera movements. Figure 1.3.2(b) shows
an example of contextual tracking shot where the actress is being shot with a clear
indication of the context (cityscape view). 2) Focus tracking is another variant of
tracking shots which provides a closer view of the objects. The intention behind
taking this type of shots is to focus on the closer detail of the object while tracking.
Figure 1.3.2(c) shows an example of focus tracking shots.

Focus-in shot: In cinematography, focus-in shots are captured in two ways: 1)
zooming in by shortening the focal length of the camera lens and 2) moving the
camera to the object to shorten the camera distance for a closer view of the object.
Both of these are mainly used to provide a greater detail of a focused object to

highlight some important detail. Figure 1.3.2(d) shows an example of focus-in
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shot, where the object is getting bigger by changing the focal length.

Focus-out shot: Focus-out shots are used to detach emotional involvement of
viewers from an object or relax the viewers by changing the viewing space. This ef-
fectis usually achieved through zooming out or dolly out shots, as the camera grad-
ually moves away from the subject and creates emotional distance. Figure 1.3.2(e)
shows an example of focus-out shot by changing the position of camera distance.

Establishment shot: Establishment shots form another important directing se-
mantic class which is used in cinematography. This type of shots is used to intro-
duce a location to establish a relationship with the subsequent shots. This type
of shots is often taken by panning the camera without focusing on any particular
object. Figure 1.3.2(f) shows an example of establishment shots.

Chaotic shot: This type of shotsis characterised by the chaotic movement of the
camera to follow an object or an object action. Chaotic shots are the ones which
cannot be characterised as anyone of the above mentioned classes. Generally, a
random camera motion happens due to focusing on an object’s random motion. In
order to represent fast action (or motions), directors apply this technique. In this
shot type, it is not usually for the fast moving object to dominate viewer attention.
Such shots are usually used to represent thrills and used more often in action films.
Figure 1.3.2(g) shows an example of chaotic shots.

In this thesis, we propose three frameworks for cinematographic shot classifica-
tion. The first two frameworks are based on spatial features and these features are
extracted from a keyframe taken from a cinematographic shot. Then, we propose

a framework which include both spatial and temporal domain features. Finally,
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using the third framework, we show the effectiveness in identifying video copies

from video databases.

1.4 THESIS CONTRIBUTIONS

The contributions of this thesis are summarised as follows.

« We investigate the performance of contextual saliency map on cinemato-

graphic shot classification.

« We develop a set of movie domain specific features for improving the shot

classification task which is achieved using contextual saliency maps.

« We develop a motion characterisation technique to encode the camera mo-

tion in the temporal direction.

« We introduce a shot level descriptor by incorporating the camera motion

and the depth of scene information.

« The performance of shot descriptor is investigated to measure the perfor-

mance in cinematographic environment.

« We also use the motion description and characterisation technique to iden-

tify video copy as an application.

1.5 THESIS ORGANISATION

This thesis is organised as follows.

16
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In Chapter 2, we make a detailed literature review on shot classification. Chap-
ter 3 introduces the framework of cinematographic shot classification using film
context saliency maps. Chapter 4 describes cinematographic shot classification
performance using movie domain specific features. Chapter § talks about cam-
era motion based shot classification. Chapter 6 introduces the framework of cin-
ematographic shot classification based on directing semantic classes. Chapter 7
talks about an original method to detect video copy from a video database. Finally,

in Chapter 8, we conclude the thesis and address the future works.
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Don't let the fear of losing be greater than the excitement of
winning.
Robert Kiyosaki

Related Work

2.1  RELATED WORK

IN A VIDEO PRODUCTION ENVIRONMENT, a video document is the outcome of
a directing process that integrate multiple modalities to describe the script in the
form of multimedia. Directors convert a semantic idea into a video document by

using the following modalities:

« Visual modality: It is visual information contained in video frames, such as
news room, mise-en-scéne, sports ground, etc. Visual information can be

naturally or artificially created.

« Auditory modality: Itis audible information, which contains dialogues, mu-

sic, commentary and relevant sounds.

18



Chapter 2. Related Work

o Textual modality: It is a text form of dialogues, also known as subtitles.

For video shot indexing, features are extracted from these three modalities. In
the literature, a diverse variety of solutions have been proposed for wide variety of
video genre indexing. Video shots are indexed based on different semantic mean-
ings for different indexing schemes such as, genre-, sub-genre-, motion-, activity-
and action based indexing [ 13 ]. By now, densely explored solutions have proposed
for news, commercial videos and sports videos [ 13 ]. In comparison, however, in-
dexing for movies based on different semantics has been less explored. In the fol-
lowing sections, firstly, we discuss about the background and the state-of-the-art
shot indexing for different video genres based on different modalities. Then, we
discuss about the background and the state-of-the-art techniques for cinemato-

graphic video shot indexing.

2.2 VIDEO INDEXING BASED ON DIFFERENT FEATURES

A video consists of a number of story units and is often termed as scene. A scene
consists of a number of video shots taken from different viewpoints and different
angles. For simplistic representation, a shot can be represented by one or more
keyframes. In the following, we discuss about video shot indexing by extracting

different features either from a keyframes or from a shot.

2.2.1 VISUAL MODALITY BASED VIDEO INDEXING

In order to represent a video unit, keyframes are often used. In that case, features

are extracted from a representative frame of a video shot. The extracted features
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are similar to the content based image indexing and retrieval systems, where tradi-
tional image representation techniques are mainly used. In the following, we sum-
marise different visual features extracted from keyframes for video shot indexing
problem.

Colour features have been widely used in traditional image retrieval systems.
Such features include colour histogram and colour moments on different colour
spaces (e.g., RGB, YCbCr, HSI and YUV). Based on the applications, these features
are extracted globally (i.., from the entire keyframe) orlocally (i.e., from a particu-
lar local region of the keyframe). The advantage of colour features is that it is easy
to extract these features with low computational complexity. Additionally, colour
features represent human visual perceptions. In [22 ], colour features were used for
concept detection and video retrieval. The colour histogram and colour moment
were used in the proposed method. In [23], local colour histograms and colour
moments were used as features for video retrieval task. A video search engine was
proposed in [24], where colour correlograms were used for video retrieval. In the
above works, it was found that only colour based features were not sufficient to
represent a keyframe. Along with colour features, some other salient features are
equally important in order to represent a keyframe. The colour feature importance
depends on the video domains and their applications. In sports video, the type of
shots are often simple, at least from the narrative point of view. In soccer video,
the difference between shot types is useful for indexing, such as, identifying play
time and break time [25], play summarisation [26], and region of interest detec-

tion [25]. There are numerous other such applications in the literature for soc-

20



Chapter 2. Related Work

cer video shot classification. Based on visual modality, many solutions were pro-
posed. In [27], shots were classified by identifying the ratio of the green grass area
in a frame. First, the colour of grass field was learned by doing histogram analy-
sis. Then, the dominant hue value was considered as the ground colour to classify
the soccer video shots into close-up, medium and wide shots. In order to do that,
the pixels belonging to a grass area were identified by measuring the similarity to
the learned ground colour. By using Hidden Markove Model (HMM), the domi-
nant ground colour was modelled and two thresholds were determined. The shots
containing a large amount (greater than a threshold value) of green colour pix-
els were considered as wide shots. Shots containing small amount (smaller than a
threshold value) of green colour pixels were classified as close-up shots. The rest of
the shots were classified as medium shots. Finally, the play times and break times
were determined using heuristics for the purpose of indexing and retrieval. Simi-
lar approaches were taken in several other sports video shot classification methods
[28, 29]. Although, colour learning based shot classification approaches are effec-
tive in sports video domain, they suffers from many unanswerable challenges for a
generic video shot indexing technique.

Image texture measurements quantify the spatial arrangement of colour or in-
tensities in an image or part of an image. Texture features contain some impor-
tant information about spatial arrangement of different object surfaces. Texture
features include orientation features, wavelet features, Tamura features and co-
occurrence matrices. In [22], Tamura features and co-occurrence matrix were

used for the TRECVid-2003 video retrieval task. In [30], the Gabor wavelet was
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used to capture the texture information for video search engine. The authors used
mean and variance of 12 energy oriented filter output to create a texture feature
vector. Another Gabor filter based approach was proposed in [ 3 1], where local tex-
ture features were computed by segmenting the keyframe into a number of equal
sized regions. The texture features can be applied effectively where texture infor-
mation is salient.

Object shapes are also taken into account while extracting features from a keyframe.
It describes the shape of an object in a keyframe. In general, the edge of an object
is detected and then the detected edge is described by using an edge descriptor.
Hauptmann et al. used an oriented edge histogram as a shape descriptorin [30]. In
[32,33], local shape descriptors were computed using an oriented edge histogram
by segmenting the keyframe in a number of equal sized regions. In general, shape
features are difficult to extract. However, they are effective when shape informa-
tion is salient.

In [34], Gong et al. proposed an automatic soccer video parsing technique to
classify soccer video shots based on a priori model of line mark detection and
recognition in soccer play field. Different marks on the playground, such as cen-
ter field and goal mouth, were detected using a priori model. This technique is
based on game domain specific knowledge and model specific techniques. The
proposed technique could classify a sequence of soccer frames into various cat-
egories. Although the proposed technique can be applied to other sports video
domains, such as basketball and tennis, it is not possible to apply such a technique

for general video shot indexing.
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The depth of a shot is used as another feature to classify shot types. In [35], the
depth of a scene was estimated from the image structure. The absolute depth of
the scene was estimated by using local and global spectral features of the image.
By using statistical pattern recognition techniques, the absolute average depth was
estimated for a given single image. The authors used the frequency domain to dis-
cover the global spectral signature of an image. The global spectrum denotes the
mean amplitude spectrum which is closely related to the average absolute depth.
The expectation maximisation (EM) algorithm was used to find the conditional
probability density function (PDF) of the mean depth. Finally, the mean depth
was estimated using the PDF according to a mixture model of linear regressions.
Another alternative way of determining the depth of a scene is measuring the sizes
of the recognisable objects, such as faces, cars and hands contained in a frame [36].
Although depth estimation based approaches are considered as good approaches
in identifying depth based shot classes, they are considered as computationally ex-

pensive methods for video data processing.

2.2.2 MOTION FEATURE BASED SHOT INDEXING

In the context of motion analysis for video shot indexing and retrieval, there are a
great deal of research work accomplished [3, 37-44]. Unlike still image, a video
shot integrates motion information to represent the real dynamics in a scene. Mo-
tion can happen due to the camera movement or due to object motion. Therefore,
in the literature, motion features are divided into two categories: object-motion-

based and camera-motion-based features. Object-motion-based features can be
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further classified into statistics based, trajectory based and objects’ spatial rela-
tionship based features. Camera-motion-based features are further classified into
static, pan left or right, tilt up or down and zoomin or out features. In the following,

object-motion-based indexing and camera-motion-based indexing are discussed.

OBJECT-MOTION-BASED INDEXING

Object motion based features are modelled in different ways in the literature. Sta-
tistical based feature modelling is one of the prominent ways to do so. Object
motion statistical features are modelled to estimate local and global motion dis-
tributions. In [45], a casual Gibbs model was used to estimate spatio-temporal
motion distribution. After that, a typical statistical framework was developed for
video indexing and retrieval task based on object motion. In [46], motion vector
fields were transformed to a number of directional slices to form features called
motion textures. The motion textures were then used for video indexing and re-
trieval task. Although the statistics based motion features are used successfully in
some video indexing and retrieval methods, they have limitations to represent the
accurate actions of the objects.

Motion trajectories have also been used to model object motion. Using mo-
tion trajectories, motions are modelled to create trajectory-based features [47].
In [20, 48], an online video retrieval system was proposed based on object mo-
tion trajectories. In [48], motion trajectories were represented as PCA (princi-
pal component analysis) coefficients of the temporal orderings of sub-trajectories.

In [49], a polynomial curve fitting based motion model was proposed. The mo-
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tion model was used as the searching key for object retrieval purpose. In [50],
another trajectory based motion model was created by using the motion vectors
of the MPEG bit-streams. A similarity measurement based retrieval system was
proposed in their work. In [51], trajectories were represented using a series of
semantic symbols. Then, a combination of visual distance and edit distance was
proposed to measure similarity for video retrieval. Although trajectory based ap-
proaches were successfully applied for video indexing and retrieval task, the suc-
cess is highly dependent on the accuracy of object segmentation. An automatic
solution for that purpose is considered as a very challenging task.

Spatial relationships between objects are also used as object based motion fea-
tures. In [52], a symbolic representation of the spatial relationship between ob-
jects was applied for video indexing and retrieval. In [53], each object’s spatio-
temporal relationship was specified for video indexing and retrieval. Although it
is very difficult to identify each moving object in a shot, the advantage of object’s
relationship based features is that multiple objects’ spatio temporal relationships

can be represented for indexing video shots.

CAMERA MOTION BASED SHOT INDEXING

In the case of semantic analysis of video shots, camera motion patterns are often
used as an important clue. While watching a video, human visual systems can per-
ceive motions which can be described in terms of motion quality: slow or fast mo-
tion. However, in a computer vision system, it is described using activity descrip-

tors. In [54], visual motion descriptors were organised into four categories: mo-
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tion activity [44, 4 5] , camera motion [ 55—5 7] , mosaic [ I3 8] and motion trajectory
[20]. Camera motion descriptors are used to represent the type of camera motion
happened in a video shot. Mosaic is captured using the parameters of a parametric
motion model of camera. Motion trajectory, as described, tells the object motion
in time. Generally, the camera motion descriptors tell the generic inherent camera
motion which is used to identify the intention of video shot directors.

Many parametric methods for camera motion detection have been proposed.
Using two consecutive video frames of a video, global motion models were pro-
posedin [55,58-61]. In each case, dominant motion patterns were determined us-
ing robust statistical techniques. Although global camera motion detection tech-
niques are theoretically sound, it is considered less feasible to estimate correct pa-
rameters in wide variety of videos. The 2D parametric transformation suffers from
aweak assumption that the camera distance from the scene is far. This assumption
willlead to estimate wrong rotational and translational parameters. In [ 60, 61], the
depth problem was handled through identifying the horizon lines. It is based on
the assumption that there is a horizon line presentin a typical outdoor scene videos
which can be identified using a gradient analysis in gray scale images. This assump-
tion will lead to many wrong parameter calculations where the horizon line is not
obvious. None of the mentioned parametric model can be applied in classifying
video shots based on directing semantic classes, as directing semantic video shots
consist of wide variety of shooting technique in wide variety of shooting sets.

In contrast, nonparametric methods analyse video data using statistical meth-

ods to measure local or global camera motions. In [44, 62], the motion distribu-
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tion of a shot was represented by using a histogram to analyse the camera motion
and video shot similarity measurement. A template matching based approach was
used to recognise camera motion in [40,63]. In [41], a nonparametric spatio-
temporal mode-seeking method was proposed in the motion space. The spatial
distribution of the dominant motion modes was used to represent motion char-
acteristics. Although this method is capable of learning the semantic concepts of
video shots, it does not have the capability to model temporal motion pattern. Ma
et al. [64] proposed another nonparametric generic motion pattern descriptor for
video shot classification. A mapping technique based on a unit circle was applied to
transform MV fields to a multidimensional motion pattern descriptor. Although it
introduces a temporal information accumulating technique for statistical learning,
it lacks an unified representation framework.

Template based camera motion detection was used in [40, 42]. Lan ef al. pro-
posed a framework for home video camera motion analysis in [42]. A template
based background motion estimation (ME) technique was applied to characterise
different camera motions. Lee et al. proposed an MPEG video stream shot classi-
fication technique [40]. In the proposed technique, a video was divided into shots
and the shots were classified into six basic camera movements using templates.
Template based techniques cannot be used in highly dynamic video sequences due
to high random motions captured from different objects.

In order to use motion information buried in the video data effectively, it is
important to extract motion information from the frame sequences. In [3, 43],

MPEG video MVs were directly used in a camera motion descriptor. Although a
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good classification accuracy was achieved, direct use of MVs for compressed videos
could be misleading. For the purpose of best representation of a video frame, MVs
in a MPEG frame were predicted either from its previous frame (i.e., P-frame) or
bidirectionally predicted frame (i.e., B-frame). Bidirectionally predicted frames
are much complex in nature as they use both previous and future frames for mo-
tion compensation. Thus, it can be concluded that the MVs in MPEG videos do
not represent the optimal optical displacement of a macroblock (MB) with respect
to time. In [43], backward predicted MVs were mapped to a forward predicted
one. Moreover, I-frame’s MVs were estimated by interpolation of two nearest P-
frames. The overall procedure may produce misleading motion information and
eventually may identify a wrong camera motion. In [3], MVs were only estimated
from P-frames for characterisation of camera motion. This technique of extracting
motion information may suffer from lack of information and hence the estimated

camera motion may not be accurate.

2.2.3 AUDITORY MODALITY BASED INDEXING

In addition to motion as a temporal domain feature, audio is also a widely used
modality. There are two types of audio-domain features that can be used for video
classification.The first type of features is time-domain audio features, which in-
cludes RMS value of the audio signal energy, zero crossing rate (ZCR), and si-
lence ratio. Zhang and Kuo [65] proposed an audiovisual content analysis using
audio based features. Apart from time domain audio features, frequency-domain

features such as the fundamental frequency, the frequency bandwidth and Mel
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frequency cepstral coefficients (MFCC) can be used in video classification [66].
In comparison to image/video based features, it is easier to extract audio-based
features. However, in [67], it is discussed that video shot classification with only

audio-based features is not sufficient.

2.2.4 TEXTUAL MODALITY BASED INDEXING

Text in the video has been used as another important source of high-level seman-
tics. A text detection based indexing and retrieval system was proposed in [68].
In order to enable and enhance segmentation performance, the proposed method
used the typical characteristics of text in videos. First, the superimposed text re-
gions were identified and segmented. Then, using the segmentation output, an
OCR system was applied to detect the text for indexing and retrieval. Although
the proposed method could be used for some specific types of videos, where text
appears more frequently on the cinematographic frames with the sub-titles super-
imposed. However, in general, such things are not common in feature films or
other video genres. Therefore, such technique can not be used for general purpose
video indexing and retrieval.

In [69], textual modality was also used besides audio and visual information.
A three layer approach was proposed to process low, mid and high level informa-
tion. Low level features include colour, shape, zero crossing rate and transcript.
Mid level features include faces, speech and keywords. High level features include
semantic indexing which was computed by using mid level features across differ-

ent modalities. The proposed method was able to classify a video into talk show,
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commercial or financial news.

In [70], a text and face related observation was made in genre dependent videos
for classifying videos into news, television commercials, sports, and movies/ televi-
sion series. According to their observations, news videos contain named events,
annotation of people and setting related texts; Commercial videos contain prod-
uct names, claims and disclaimers; Sports videos contain players name and game
statistics; and movies contain captions and credits. It is also claimed that the facial
appearance also follows patterns in different videos. Based on the face and text re-
lated features, each frame is assigned a label from a set of predefined labels. The la-
bels were used as input to a hidden Markov model (HMM) to classify input videos
into the above mentioned classes. In [71], a subtitle analysis based video classifi-
cation technique was proposed. The proposed method assigns a category lable to
each video by analysing the appeared words in a subtitle. In [72], a multimodal
video summarisation approach was proposed. Among other features, subtitles are

included to summarise videos.

2.3  VIDEO INDEXING BASED ON DIFFERENT SEMANTICS

In the following, we discuss about video indexing techniques based on different se-
mantics, such as logical unit detection, video genre detection and event detection

from videos.
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2.3.1 LoGicaL UNIT DETECTION

Alogical unit in a video is a part of the whole video containing interrelated visual
information and as a whole making a complete sense. The news and sports videos
are instances of structured video. The logical unit detection in a news video is a
straight forward task. The anchor shots can be modelled easily as there is only
one person staying in the scene with a minimal movement. In [73, 74], the size
of the detected face and a restricted position were used to detect an anchor shot.
The visual similarity is exploited in [75~77] to detect anchor shots in news videos.
In [75], a motion activity threshold based approach was used to classify anchor
shot from the candidates. Based on the motion quantity, a shot is either classified
as anchor shot or report shot in a news video. In [77], face and lip movement
directions were used as features to classify report and anchor shots. In [76], silence
intervals were used as the boundaries of the reports. In [78], a detailed news video
indexing technique was proposed. The news videos were labelled with six logical
units, namely, begin, end, anchor, interview, report and weather forecast. Each
logical unit was modelled by using HMM.

In [79], a soccer video logical unit identification method was proposed. Based
on the features, the logical units were classified into play time or break time. A grass
colour ratio based detection method was applied to classify a frame into global,
zoom-in and close-up shot. Then, play time and break time were identified based

on a set of heuristics.
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2.3.2 GENRE DETECTION

Video genre detection is another kind of video semantic detection. The shotlength
statistics are used for indexing in this regard. The length of a shot indicates the
pace of the video document. A longer video shot means a slower video document.
A news video is considered as a slow video document whereas a commercial TV
video is considered as a fast video document. The shot change rate in a commer-
cial TV video is much faster than the news video. In [80], the shot change rate and
presence of black frame are used as features to identify the commercial TV videos
within the news video. The logic behind identifying the black is that the black
frames are used before and after the commercial TV videos for a very short period
of time. Identifying such frames indicates the presence of a commercial video.
Then, the shot change rate within the boundary was estimated to determine the
commercial video. A similar method was used in [81] to identify the commercial
videos within feature films. Two more additional features (i.c., edge change ratio
and motion vector length) were used along with black frame and shot change rate
to represent the higher action in commercial video. In [82], videos were classi-
fied into news, commercials videos, cartoons, sports, music by using average shot
length, ratio of different transition patterns and six visual features.

Although a generic solution for sports video detection is a very difficult task due
to wide variety of sports types, a main stream for sports video detection has been
proposedin [83]. Presence of slow-motion replays, presence of some specific cam-
era or object motion, and presence of of overlayed text were used as features. In

this work, motion features including motion magnitude help achieve highly accu-
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rate results.

Multimodal approaches for video genre classification were reported in [69, 84,
85]. The method, proposed in [84], classified videos into basketball game, football
game, news report, commercial video and weather forecast by feeding audio and
visual features into a HMM classifier. In [85], a three step approach was proposed
for film genre recognition. Initially, colour statistics, motion vectors and audio
statistics were computed as content features. Then, video layout features, such as
shotlength and camera motion, were extracted. Finally, classification was made by
using the style profile.

In [86],a method was proposed to identify four different types of sports videos
(i.e., basketball, ice hockey, soccer, and volleyball). Motion features were extracted
from the consecutive frames and then features were reduced by using principal
component analysis. The features were used by two statistical learning methods.
Experimentally, it was found that a continuous observation density Markov model
produced better results. Although the performance was good, the authors inten-
tionally excluded crowd scenes and time-out scenes in their experiments. A similar

method for sports video detection was proposed in [84].

2.3.3 EVENTS DETECTION

A good amount of event detection works were accomplished by using multimodal
features. In [87], a three layer event detection algorithm was proposed for animal
hunt event detection in a wildlife video document. The first layer extracts low level

features, such as colour, texture and motion features, and detects moving objects.
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A neural network was applied in the second layer to determine if a blob is an object
ofinterest. Finally, the target event is detected based on the extracted shot descrip-
tor. In [88], car crashes and violent events were detected by using sound features
from feature films. First of all, different chaotic sounds, such as explosions, horns,
engine’s sound and gunfire, were detected. Then, a video segment was labelled
with a high level named event based on the concentration of those features.

In [77], various events were detected from broadcast news videos. The detected
events include walking shots, gathering shots and computer graphics shots. Walk-
ing shots were detected by using up and down periodic motion of human face.
Gathering shots were identified by detecting human faces of similar size. Com-
puter graphics shots were detected by identifying the consecutive frames that lack
motion.

In [89], slow motion replays were detected to identify important events in sports
videos. The slow motion replays were detected by HMM. Slow motion was used to
detect important events in a sports video. In [90], presence of flash lights was de-
tected to identify various events in feature films. Supernatural power, crisis, terror,
excitement and general events of importance were detected based on the average
luminance of the frame influenced by flash lights.

Change of scores is considered as the most important events in sports videos.
In [91], visual and textual modalities were used to find a link in identifying change
of scores in American football games. The real-time closed caption was analysed to
detect a series of keywords related to an event. At the same time, the visual stream

was also analysed and linked with the textual feature to determine the most likely
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score event. Similarly, a few articles are found in the literature to detect scoring
events in tennis games [92-94], soccer games [34, 95], baseball games [94, 96]
and basketball games [97, 98]. Typically, the visual features, including colour,
edge and texture, and motion features are used to identify scoring events in games.
A different modality is used in [96] to identify the exciting events to generate a
highlight of baseball games. In order to do that, sound features are only used. Ex-
cited speech of the running commentary and the baseball pitch and hit sound are
used in the proposed method.

Duan et al. [99] use various semantics categories describing sports video shots
for mid-level representation to facilitate high-level analysis. In their work, they
presented a generic mid-level representation framework for semantic sports video
analysis. The mid-level representation was introduced between the low-level au-
diovisual processing and high-level semantic analysis. For a robust low-level fea-
ture analysis, a non-parametric clustering technique was used in both colour and
motion feature analysis. Using this framework, it was possible to detect a big num-
ber of sports events having strong semantic meanings. Although it works effi-
ciently and effectively in sports video domain, it is not possible to apply such a
technique for video shot classification in other domains. As general video shots
do not have any dominant colour clue or well defined structured motion, a mid

level representation of colour and motion features is a challenging task.
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2.3.4 VARIOUS APPLICATIONS BASED ON MOTION FEATURES

Motion features are important temporal features which were used in a wide variety
of applications proposed in the literature. In [100], a camera motion estimation
method was introduced for the purpose of annotating a basketball video in MPEG
domain. The camera motion was estimated directly from the information obtained
in MPEG motion vector fields. By analysing directional panning, a semantic an-
notation was generated. Since motion vectors for MPEG compression take into
account only inter-frame differences, they do not necessarily ensure the obtained
displacement is the true representation of an optical flow.

Another work, reported in [ 101 ], proposed a framework to analyse the tempo-
ral structure of a live sports video. The method was based on colour filtering, ob-
ject segmentation and edge based verification. This approach depended on visual
cues, such as colour, motion, and object layout. Since sports videos are captured
in simplified and deterministic places, it is useful to perform frame-level analysis.
However, it is not easy to distinguish dynamic characteristics in an individual mo-
tion vector field, which could be contaminated.

A shot-level parsing techniques was proposedin [ 102 ]. Firstly, tensor histogram
features ware extracted from two-dimensional (2-D) temporal images and they en-
code the motion information. Then, both tensor and colour histograms were used
for constructing a two-level hierarchical clustering structure. Each top level cluster
contained shots with similar colour. Each bottom level cluster consisted of shots
with similar motion. The constructed hierarchical structure was then used for the

cluster-based shot retrieval. This method is particularly useful for sports videos of
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which motion and colour are important visual cues.

In [45, 103, 104], shot level motion features were used for shot classification. In
[105], shots were classified into pan, tilt and zoom using simple shot-level camera
motion. Ho et al. [106] measured the similarity using motion information within
a region of interest. Using this approach, it is difficult to extend such work when
there is no particular region of interest. In case of video indexing tasks, motion
feature can play a big role. In [ 107], the statistical properties of transition between
camera motion types (pan, tilt, zoom and shake) were used to identify different
genres of sports videos (e.g, soccer, baseball and tennis). In [108], various cam-
era motion properties, such as angle of a motion, speed, and number of stages in
a camera motion, were derived to detect offensive plays in an American football
game. These techniques are dependent only on the domain of sports videos.

A maximum entropy method for an automatic shot understanding and sum-
marisation of a baseball game video was used in [109]. The proposed algorithm
creates complete indexes of a baseball game. A multi-modal integration of image,
audio and speech features was used to compute a maximum entropy. This tech-

nique is also highly dependent on domain knowledge.

2.4 CINEMATOGRAPHIC SHOT INDEXING

Story unit detection in video documents is a widely researched topic. An overview
of logical story unit detection method was presented in [ 110]. For the purpose of
indexing, logical story unit detection alone is not enough. The semantic labels of

the story units are more important. As discussed in the previous sections, a good
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amount of video indexing work have been done. Compared to those, cinemato-
graphic video indexing is relatively ignored. In [111], a dialogue scene detection
method from the feature film was proposed. In the proposed method, face detec-
tion, face location and audio features were used. With the help of HMM, a scene
was classified as establishing scene, transitional scene or dialogue scene. In [112],
a method was proposed to identify violent scenes in feature films and television
dramas. The spatio-temporal activities were measured to determine the level of ac-
tion contained in a scene. Then, using a predefined colour table, flame and blood
were identified from the scenes. The audio channel further provided a clue of the
presence of violence. Finally, a knowledge based combination of feature values
was used as a classifier. In [113], a multimodal integration method was proposed
to identify four types of scenes. Firstly, the sound signals were segmented and
labelled with silence, speech, music and miscellaneous sounds. These semantic
labels were then combined with a temporal stream of video data. An alternating
pattern of detected speech labels indicated a dialogue scene. Repetition of visual
patterns indicated a story. A progressive pattern in the visual information and non-
speech label in the audio segment indicated an action scene. The rest of the scenes
were identified as generic scenes. In contrast, only visual information based ap-
proach was proposed in [ 114], where video scenes were detected as dialogues, ac-
tions and story units. Firstly, shots having a similar visual pattern were given an
arbitrary label. Then, based on the scene patterns, they were labelled as dialogues,
actions or story units.

A few significant works are found related to cinematographic shot classification
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in the literature [4, 115-118]. The works in [4, 115] proposed a systematic ap-
proach based on motion descriptors to build taxonomy for film directing seman-
tics, where the camera distance from the focus of attention was used as an interme-
diate feature to distinguish contextual tracking and focus tracking shots. In their
work, a Markov Random Field [ 119] based algorithm was formulated for motion
segmentation to extract salient motion descriptors for identifying different types
of cinematographic shots based on directing semantics. In the proposed method,
a coherent taxonomy of cinematographic directing semantics based on directing
tasks were performed by using camera motion behaviour and camera distance esti-
mation. The proposed method could be used for some applications, such as video
content management and processing. However, for some applications, such as se-
mantic movie indexing and retrieval, content based analysis is highly desired.

In [120], a Lie algebra based cinematographic shot classification technique was
proposed to classify shots into aerial, bird-eye, crane, dolly, establishing, pan, tilt
and zoom shots. In the proposed method, a homography was assumed to existed
between a pair of subsequent frames. By using image based methods, the homog-
raphy parameters were estimated to represent course camera motion. Then, the
homography matrices were mapped to a vector space. Then, all the vectors were
stacked in a vector time-series. Finally, an efficient linear dynamic system was used
to extract meaningful features from the vector time series. The features were fur-
ther used to train SVMs for classifying different shot classes. This method is con-
sidered to be powerful for video shot indexing. However, for video shot retrieval,

this method cannot be used directly.
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In [118], human body based rules were applied to identify shot types in a small
set of data. In movies, the sizes of a human faces often determine shot types. For
example, if the size of a face is big, the possible shot type is of close shot. Similarly,
if the size of a face is very small, the possible shot type is of long shot. Based on
these observations, a number of thresholds were used to estimate the dimensions
and positions of faces in video frames for classifying shot types. Although there
have been some merits used to identify shots using the proposed method, it fails
to classify generalised cinematographic shots. For example, this method does not
work well in identifying cut shot and over the shoulder shot.

In [117], five different inherent characteristics were used to estimate the camera
distance from the main subject. The first descriptor was called local distribution of
colour intensity which measured the percentage of background pixel with respect
to the frame area. The descriptor was computed using keyframes of cinemato-
graphic shots. The algorithm developd a method to estimate camera distances. A
second order statistics was performed on the keyframe’s histograms. Using the in-
formation, histogram variance image was created. Based on the created histogram
variance image, background and foreground pixels are identified. The percentage
of foreground pixels has a good indication of the camera distance from the subject.
If the percentage is high, then the image is declared as a close up image. A feature
for camera distance estimation was computed by using a motion descriptor. By
using a motion activity map, foreground and background motions were identified.
In a similar way, foreground and background regions were identified. The above

estimation indicates a distance measure from the camera. A descriptor related to
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the camera distance was obtained by measuring the scene perspective. A Haugh
transformation based perspective detection technique was described in their work.
Face size was used as an important clue of the distance of an object from the cam-
era. A face detector was used to identify faces in the cinematographic shots. The
camera distance was estimated based on the sizes of faces. The proposed method
only classifies cinematographic shots into only three types of shots (i.e., close-up
shot, medium shot and long shot). It does not provide any semantic clue of the
intrinsic characteristics of the shots.

Efficient and effective handling of video documents depends on the availability
of indexes. It is obvious that manual shot classification or indexing is not feasible
for large video collections. However, for an effective indexing task, a feature com-
bining features in both spatial and temporal domains should be used for classifica-
tion. Therefore, instead of separately treating the different feature sources involved
and specific algorithms for feature extraction, we need to focus on the relationship
of different types of features. In that sense, in our approaches we use both spatial
and temporal features for better representations of cinematographic shot types. In
the first two frameworks proposed in this thesis, we use spatial domain features

only. In the third framework, motion features are included.

2.5 DiscussioN

We have discussed about the state-of-the-art of video indexing and retrieval from
the literature from a broad point of view. Although we have discussed a wide va-

riety of video genres, we restrict ourselves to work only on the video shots in the
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film domain (i.e., cinematographic shots). For doing this, we have reviewed dif-
ferent modalities and their applications for various video indexing purposes. To
show a comprehensive view, we pay attention to the most discriminating prop-
erties of shots corresponding to different video genres. Among the video genres,
talk shows have very limited settings with a well defined structure. News videos
are another kind of videos with limited settings. In news videos, anchor shots are
designed with limited settings and they have discriminating features able to differ-
entiate different shot types in high accuracy. Music videos are not considered as
well defined video documents, and the need of indexing a music video is very lim-
ited. The reason is that a music video mainly follows a music track and the whole
video is directly related to the music. Sports videos are also considered to be sim-
ply structured video documents. However, a wide variety of sports genres have
made it difficult to develop a generic technique for sports video indexing. Docu-
mentaries are characterised by their slow pace. Moreover, the presence of a nar-
rator’s voice helps to distinctly identify this video genre. In contrast, feature films
and drama videos have complex layouts and properties. These video documents
are mainly showing human dialogues and a wide variety of actions. In order to
provide an effective viewing experience, a wide variety of shooting techniques are
applied. These result in a complex structure compared to the other types of video
documents.

In conclusion, although many research efforts have been made to characterise
camera motions of video shots, there is still a room to improve the results. More-

over, cinematographic shots have been relatively ignored. An efficient motion rep-
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resentation and an effective motion descriptor can represent a video shot for the

purpose of semantic video indexing.
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In three words I can sum up everything I've learned about life:
it goes on.

Robert Frost.

Saliency Based Shot Classification

3.1 INTRODUCTION

IN THIS CHAPTER, WE PROPOSE an original framework for cinematographic shot
classification by identifying the visually salient locations on the keyframes of a cin-
ematographic shots. The high level concept of salient object is incorporated in the
context of movies to compute the visually conspicuouslocations. Context saliency
is an extension of traditional visual saliency identification techniques. In this chap-
ter, our motivation is to investigate the performance of the context saliency fea-
tures along with colour intensity and texture distribution features in classifying

cinematographic shot. The main contributions of this chapter are as follows:
1. In a novel effort, we investigate the performance of the context saliency
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map in classifying cinematographic shots. Context saliency map is a refined
saliency may which not only consider the saliencies form different objects
but also consider the context of the surrounding environments. The pro-
posed context saliency map is used to identify the salient regions in a cine-

matographic shot.

2. The proposed method is movie genres independent. Thus, it is capable of

classifying a movie shot irrespective to any movie genre.

3. The proposed method classifies shots into the most frequently appearing

types of cinematographic shots.

Visual attention has been proved meaningful forimage and video analysis [ 121],
especially for video highlight detection [ 18, 122] and image summarisation [ 123 ].
It is considered worthy to investigate the performance of context saliency maps in
classifying cinematographic shots. We investigate the use of visual attention distri-
butions on a movie screen with colour intensity and texture distribution informa-
tion to infer cinematographic shot type. In Section 3.2, we review the visual atten-
tion models. Section 3.3 describes the context saliency map generation technique.
Section 3.4 describes local and global features extraction methods. In Section 3.5,

experimental results are presented.

3.2  REVIEW OF THE VISUAL ATTENTION MODELS

Although there are a number of theories on the primates’ visual attention systems

available in the literature, the mechanism of the visual attention systems of the
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primates is yet to be fully understood. The research efforts of finding the updated
theories behind such mechanism are progressing continuously. Based on the out-
comes of the research on visual attention systems during the past few decades,
there are a number of functional frameworks derived. The inspiration of the visual
attention models to identify the conspicuous location on an image is originated in
cognitive psychology and neuroscience theories of human visual attention. The

major motivations for the computational visual attention development are:

« to check the legitimacy of the theories of visual attention described in psy-

chology and neuroscience literatures; and

« to apply the visual attention theories in different applications of computer

vision fields.

There are two distinct research trends in computational visual attention mod-
elling [ 124]. The first trend is investigating the neuronal responses by simulating
visual systems of the primates during various attentional activities [ 125-128]. The
second trend is to utilise the unique properties of biological attention systems to
develop a technical visual attention system [129-133].

The earliest research effort on visual attention systems was proposed by Treis-
man et al. in their famous feature integration theory [134]. The broad concept of
feature integration theory is that the objects are perceived by the primates by per-
ceiving and combining different features of the objects. Firstly, various features of
the objects integrate themselves to the visual system. Then, with the help of pri-

mates’ visual attention, the concept of object or action is recognised. In order to
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do that computationally, various visual features, such as colour, brightness, orien-
tation, texture, and spatial frequency are used to compute separate feature-maps.
Then, all the feature maps are combined to form the final-map which is known as
saliency map. The saliency maps are used to direct the attentions based on the
importance of the computed local saliency values.

According to [ 124], some visual attention models are modelled targeting a spe-
cific application. In such models, there are two basic properties used to tune the

performance of the desired application. The properties are as follows.

o Selectivity: The visual attention focuses on a predefined relevant visual stim-
ulus for further processing. This is achieved through measuring the simi-
larity with a predefined set of features. Irrelevant portion are completely

ignored for further processing.

o Visual Search: Visual search focuses on the attention mechanism which is
responsible for finding the target from the selective information. The capa-
bility of the visual search depends on number of destructor features in the

target stimulus.

Considering these properties, in the proposed method, we use an application
specific visual attention model called context saliency for measuring the saliency of
the target objects in the cinematographic settings. In the next subsection, context

saliency method is described in detail.
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3.3 CONTEXT SALIENCY MAP GENERATION

In a video frame, foreground objects are the one which are nearest to the camera
and captured purposefully. Conversely, background is considered the rest of the
things. A video frame might have a foreground or not. Generally, the salient re-
gions on a video frame are the foreground objects. However, some foreground
objects sometimes may not have the equal importance than the others. The con-
text of saliency depends on the situation. For example, trees in an outdoor sce-
nario may not have equal importance than a nearby grazing animal. In an outdoor
scene, some objects are very common, such as, tree, grass, water and the sky. Con-
versely, the objects which are foreign in an outdoor scene has more salient prop-
erty than the objects which are naturally there. Furthermore, in an indoor scene,
human or other moving objects are more eye catching than the other objects in the
background. In a busy road context, road signals have more saliency than the rest.
Similarly, in the cinematographic context, foreground objects should have more
saliency than the background portion in a movie frame. In summary, the objects
which are rare yet important in a given scene should be more contextually salient
than the others. Considering this in mind, we adopt an idea of computing contex-
tual saliency from [123]. In order to compute the context saliency, first of all, the
contrast saliency is computed and then the redundancy analysis is made on the
contrast saliency to compute the statistical saliency. Finally, by applying geomet-
ric constraints of the frame, the context saliency is derived. Figure 3.3.1 shows a

flow diagram of cinematographic shot classification and a computational flow of
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Figure 3.3.1: The framework of context saliency based video shot classification.

the context saliency map generation.

In cinematography, shots are captured to make movie characters easily attract-
ing the attentions of audiences. There are some special cases which do not follow
this. For example, establishment shots, cut shots and some close-up shots on an
object when a particular part of a character or an object is important to the movie
story. In most cases, characters or significant objects, which are related to movie
story, belong to foreground. On the other hand, being foreground, such as trees,
does not mean to be attracting audience attention or significant to movie story. In
order to generate effective saliency maps for movie shot classification, we need to

consider two issues.

« The salient region is more likely to be foreground rather than background.
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o The salient regions should be statistically rare. Regions from frequently ap-

peared objects and background should have low saliency.

Although some objects, such as tree, grass and mountain, are detected as fore-
ground, these are considered as unimportant objects. Therefore, they should have
low saliencies. In order to ensure that, redundancy analysis and geometric con-
straint are introduced. In the following, we describe the context saliency map gen-

eration technique step by step.

3.3.1 STATISTICAL SALIENCY MAP GENERATION

As shown in the framework in Figure 3.3.1, statistical saliency is generated using
two inputs, namely contrast saliency and redundancy analysis. In the following,
firstly, contrast saliency map computation method is discussed. Then, the redun-

dancy analysis method is discussed to compute statistical saliency maps.

CONTRAST SALIENCY MAP

Contrast is considered as an important local feature which is capable to stimulate
the human visual systems. It is a commonly used feature for visual saliency based
attention detection [64, 131, 135]. Human Visual Systems are highly sensitive to
contrast. Ophthalmologists use letters printed on a highly contrast background in
order to measure visual acuity of vision impaired patients. Thus, contrast is consid-
ered as a proven criteria in assessing human visual systems. The objects with vary-
ing surrounding contrast produces varying level of visual sensitivity. According

to [136], the relationship between contrast and visual sensitivity are interrelated
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which determines the level of understanding by the human visual perception.

In image processing, images are considered by three basic properties: colour,
texture and shape. These properties have been applied in numerous image pro-
cessing applications successfully using low level pixel analysis. Individually, each
of these features cannot be used for high level understanding. Human visual sys-
tems understand high level concepts by combining different features. In fact, the
contrast is the basic characteristics to be assessed from different properties to make
high level concepts. The uniqueness in comparison to the surrounding environ-
ment makes an object distinct. Following this concept, finding the conspicuous
locations from an input image, the contrast saliency maps are computed.

An image with a x f pixels is considered as the field of perception containing
a X f units of perception. The contrast measure 6 for the unit of perception at (u, v)

is formally written as follows.

0y = > _ AL, )) (3.1)

JEA

whereI(,,) (u € [o,a],v € [o, B])is the intensity of a pixel in a u X v region and
Jrepresents a pixel intensity of a neighbouring A, a u X v, region. The size of A deter-
mines the field of perception’s sensitivity. Smaller size of A indicates higher sensitive
on the field of perception. Conversely, bigger size of A indicates lower sensitive on
the field of perception. d() is a suitable distance function to compute the differ-
ence between I(, ;) and J. In our implementation, we use 9 X 9 neighbourhood in
RGB colour space and Euclidean distance is used for distance measurement.

In order to ensure the robustness, a multi-scale contrast saliency 6’ (u,) is calcu-
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lated using image intensity feature. In order to do that, contrasts in the Gaussian

image pyramids are linearly combined. Formally, we write it as follows.

L
9,("‘»") = Z 9114,1/)’ (32)
I=1

where [ indicates the I-th level of the pyramid and L indicates number of levels.
After computing €', ,), the saliency value is normalise in the range [0, 235]. Figure
3.3.2 (third column form left) shows some examples of contrast saliency maps of

the input frames.

REDUNDANCY ANALYSIS

As discussed, human faces are one of the most important objects in movie which
has importance in relation to the saliency. In order to ensure the importance on
human faces, a face detection module is added to find the face locations in in-
put keyframes and boost the importance of that particular region in the contrast
saliency map by a factor. We adopt a multiview face detector proposed in [137].

After detecting the faces in the input video frame, the saliency values are changed

as follows.
el(lu,v) — Ql(w) + el(u,V) X ¢ X G@, q,u,v, o). (3.3)
where,
(x=p)*+0G—q)*
G(p,q,u,v,0) = - exp_%,
2c0”
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¢ is a constant factor, p and g represent the center of the detected face and o rep-
resents the half of the width of the detected face. Followed by that, a redundancy
analysis is applied which modifies the contrast saliency in order to compute the
statistical saliency.

According to our observation, apart from the face, some common objects ap-
pear quite often in cinematography with low level of visual importance. Such ob-
jects include the sky, clouds, water, sand, ground, grass and trees. They appear as
part of foreground or background. In either case, mostly they appear along with
object of interest and their importance should be lower than the object of interest.
Since, the visual importance of these objects should be lower than the objects of
interest, we take an strategy to identify those locations using a supervised learning
technique to reduce the contrast saliency values. In order to do that, 50 keyframes
are collected from cinematographic shots consisting indoor and outdoor scenes.
From the keyframes, foreground and background regions are identified and la-
belled manually. In order to do that, if there is any person present then that person
is considered as foreground. The rest of the objects are considered as background.
Then, each of the keyframes is divided into 9 X 9 pixel patches. For each of the
patches, the colour histogram and the gray level co-occurrence matrix are com-
puted. Then, using the extracted features, K-mean clustering is applied on all the
patches and 7 representative clusters are identified. The representative 7 clusters
represent the sky, clouds, water, sand, ground, grass and trees roughly. After that,
using these representative clusters, the contrast saliency maps are modified by us-

ing a 9 X 9 sliding window. Mainly, we compute the density of information by
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using the distance between the sample patches with current patch and neighbour-
hood of the current patch. In order to do that, we consider the image layout and

the distance to the sample patches. Statistical saliency is described as follows.

‘//i—x

min{Dis(h;, h,)}’ (3:4)

v, = 9:./ X —log,

where i is the index of the continuous patches. Dis(h,, k) is bin by bin colour his-
togram distance between current patch i and the representative sample patches. v,

is then normalised as follows.

I ‘/’i
Y ety )

where max(y,) is the maximum value of .. In order to reduce the redundancy and

blob noise, the patches with low information density are removed from statistical

saliency maps.

EXTRACTING 3D GEOMETRIC INFORMATION

Finding the orientation of the image is useful for generating the depth concept
from a single image. We adopt the geometric context extraction method from
a single image [138]. It estimates the coarse geometric properties of a scene by
learning appearance-based models of geometric classes with a multiple hypoth-
esis framework. In order to determine the orientation, it is important to use all
available information. For example location, texture gradients, shading and van-

ishing points. Most of these information can only be possible to extract when some
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important knowledge is available. The solution proposed in [138] builds struc-
tural knowledge by using superpixels. The first step is to apply an efficient graph
based image segmentation method to obtain a set of superpixels proposedin [139].
Each superpixel has a single label. It is possible to measure some basic first order
statistics (e.g., colour and texture) by using the superpixels and their correspond-
ing boundaries. Then, superpixel label confidences, weighted by the homogeneity
likelihood, are determined by averaging the confidence in each geometric label of

the corresponding regions as follows.

Yy = vlx) = ZP()’;' = v|ox, b ) P(hy|x) (3.6)

where 7 is the label confidence, y; is the superpixel label, v is a possible label value,
x is the image data, 1, is the number of hypotheses and h;; defines the region con-
taining the ith superpixel for the jth hypothesis with the region label y;.

With statistical saliency \///(x’y) and geometric constraint y, , context saliency
w is modelled by Bayesian framework using the maximum a posteriori (MAP) cri-

terion described in the following subsection.

3.3.2 CONTEXT SALIENCY MAP GENERATION

With the computed statistical saliency Viwy) and geometric constraint y, , the
expected desired feature of context saliency w is modelled by Bayesian framework
by using the maximum a posteriori (MAP) criterion. The most likely context salie-

. . . / . . . . .
ncy w is estimated, given ¢ and 7. This is expressed as maximisation of a proba-
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bility distribution over a sum of log likelihood. Formally, we write it as follows.

argmaxP(wx7y|1//x’y, 7/x7y) = argmaxL(\kW]ww)—i—logP(yx’y|wx’y)P(wx,y). (3.7)

where L() is the likelihood function. We assume P(w,,) = 1. The computed
map ) € {wx,},} is the context saliency map. Figure 3.3.2 (right column) shows

the output of context saliency maps for commonly appeared cinematographic shot
types.
3.3.3 IMAGE INTENSITY HISTOGRAM

The image intensity histogram is used as another feature in the proposed method.
In order to compute this feature, we compute the weighted intensity of the image

pixels P = {p,, : x € a,y € B} using the following equation.

Pxy = 0.299 X Txy 4+ 0.587 X Gy + 0.114 X bx,y- (38)

where 7, , g, and b, , represent red, green and blue channels of the pixel at (x,)
respectively. Then, the histogram of the gray level image is computed using the

image pixels. Formally, the histogram is described as follows.

H(P) = (h(0) 1), (o) (39)
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Close-up shot

Medium close-up shot

Over-the-shoulder shot

Medium shot SIS

Cut shot

Long shot

Figure 3.3.2: Examples of most commonly appeared shot types in movies, cor-
responding contrast saliency maps (third column from left)and context saliency
maps (right column) using proposed method.
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where h; represents a histogram bin index, h;(c) represents the bin count and n
represents the number of bins. In order to represent the histogram in a compact

manner, we quantise the pixel intensity value to form a 32 bin histogram.

3.3.4 PixEL CORRELATION

The inter-pixel relationship is used to represent the textureness of a keyframe. To
measure the texture, a pixel correlation is computed. Equation 3.10 is used to mea-
sure the pixel correlation. We compute the correlation c,, by aligning a box filter
[140] with a pixel at (x,y). Then, by applying the box filter on the pixels, we sum

up the total values to measure the correlation coeflicients. We write it as follows.

Gy =D Y I(x+iy+)) *fi)) (3.10)

j=—Ni=—N
where f(i, j) is a box filter of size (2 X N +1) X (2 X N+ 1). I(x, y) represents the
pixel intensity at the corresponding location. After computing pixel correlation,

we compute the mean of the pixel correlation as a feature.

3.3.5 ENTROPY

Local information content within a keyframe is another feature. To compute the
entropy, the keyframe pixel histogram is computed. Using the histogram bins, lo-

cal entropy is computed using the following equation.

E == () log(h(c) (3.11)
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where i is index, K is the number of bins and /;(c) is the total number of counts in

the histogram at bin index i.

3.4 FEATURE EXTRACTION FOR CINEMATOGRAPHIC SHOT CLASSI-

FICATION

We extract 8o dimensional features from both context saliency maps and the orig-
inal keyframes to describe global and local characteristics. Firstly, image intensity
histogram is calculated with 32 bins from the original keyframes as global features.
Aslocal features, firstly, features representing the distribution of salient regions are
extracted from context saliency maps. Saliency maps are divided into 16 (= 4 X 4)
equally sized local regions. The saliency value is calculated for each local region
to get 16 dimensions of features. For each of the local regions, total local con-
text saliency magnitude Q, 4) is computed by summing all pixel’s saliency values
within that local region. Equation (3.12) expresses the local context saliency fea-

ture formally.

Qpq= Z Wayy (3.12)

xEp,yeq
where p € {1,2,3,4} and q € {1,2,3, 4} are local region indices and w,, rep-
resents context saliency of a pixel at (x, y). After this, each local context saliency

magnitude is normalised using the total saliency magnitude of the keyframe. We
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write it as follows.

_ Q
Qpg=="10— (3.13)
Zxéa,yeﬂ Wx,y

where a and f represent width and height of the image respectively.

Then, correlation and entropy features are computed. For both cases, input
keyframes are divided into 16 = (4 X 4) equal sized regions. For each local re-
gion (p, q), we compute the normalised mean local correlation coefficient values

as local features.

Zxép,yéq Cuy

Coy =
P9
Ziéa,jebeta Ci,j

(3.14)

wherep € {1,2,3,4}and q € {1,2,3, 4} indicate local regions and a and g indi-
cate image height and width respectively. Similarly, for each local region at (p, q),

the normalised local entropy features are computed as follows.

Zpr,yEq Exv)’
Bpg= o (3.15)
Ziea,jeﬁ Eiu’

wherep € {1,2,3,4}and q € {1,2,3, 4} indicate local regions and a and g indi-

cate image height and width respectively.

3.5 EXPERIMENTAL RESULTS

To show the performance of the proposed features in cinematographic shot classi-

fication, we present the experimental results in this section. In order to evaluate the
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performance, we have created a cinematographic keyframe dataset. The extracted
keyframes are taken from a wide range of movie. The movies which are used to
create this dataset are: The Proposal, The Terminal, The Kids Are All Right, Lit-
tle Miss Sunshine, Prison Break, The Beautiful Mind, Lord of the Rings and Mis-
sion Impossible I1. The keyframes of the created dataset are divided into two parts:
training and testing set. For training the classifiers, we use the training set and the
classification performance is evaluated using the testing set. The performances are
measured using precision rates, recall rates and f,-scores. In the following subsec-

tions, we describe the detail of the experiment and the evaluation procedure.

3.5.1 DATASET PREPARATION AND FEATURE EXTRACTION

To evaluate the classification performance of the proposed context saliency and
otherrelated features, the created dataset of 3206 keyframes are extracted from the
first frames of individual shots and are manually classified into six cinematographic
shot classes based on camera and objects positions (described in Chapter 1). The
classes are: 1) Close-up (CU) shot, 2) Over the shoulder (OTS) shot, 3) Medium
close-up (MCU) shot, 4) Medium (M) shot, 5) Cut (C) shot, and 6) Long (L)
shot. For training, we use one third of shots from each class. The detail breakdown

of the keyframe dataset is given in Table 3.5.1.

Table 3.5.1: Detailed breakdown of the testing data for context saliency based
shot classification.

| cu Jors |[McU |[M |C L |
’ no. of shots ‘ 1630 ‘ 210 ‘ 389 ‘ 339 ‘ 232 ‘ 406 ‘
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We extract an 8o dimension feature vector representing local and global features
from the created dataset. Classifiers are trained using the features extracted from
the training set. Then, the performance is measured using the testing set. In the
following, we discuss about the SVM classification technique used in the proposed

method.

3.5.2  SVM CLASSIFICATION

Vapnik et al. introduced the famous support vector machine (SVM) technique
for binary classifications by using the principal of statistical learning theory [141].
To generalise the proposed technique, many research efforts have been accom-
plished to extend it to a multi-class SVM. For a k class classification problem, three
major approaches can be applied, namely One-Against-One, One-Against-All and
DAGSVM [142].

In this chapter, we use One-Against-All SVM technique for keyframe classifica-
tion. To summarise the One-Against-All multi-class SVM, let us assume that we
have 7 training data in d dimensional space belonging to c classes {x',y'}, x' €
R, i=1,....n, y € {1,...,c}. This approach constructs c classifiers us-
ing the training data. Each classifier is obtained by using the training data of the
corresponding two classes. Training samples belong to class i are labelled with a

positive label and the reset of the training samples are labelled with negative label.
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This binary classification problem is formally written as:

i (i(Wi)TWU + Czt: ff(wi)T)
(wi) o(x) + b; >1— S;,if)/ =i (3.16)

(wi)To(x) + b < —1+ &, ify #i

where Ef] is a non-negative slack variable, ¢(x') is a function to map «’ into a higher
dimensional space and C is the penalty parameter. By minimising * (w;) w;, we
want to maximise the margin, m , between class i and class j. The penalty term
C>, ff] is used to reduce the number of training errors for linearly non-separable
cases. The goal is to find an optimal separating hyperplane by obtaining a balance
between the regularisation term m and the training errors. To improve the sepa-
rability, the data are mapped into a higher dimensional dot product space using the
function ¢. If the dot product space is expressed by K(x', /) = ¢(x') - ¢(«/), then
K(«', /) is called the kernel function. The kernel used must meet Mercer’s con-
dition which is described in [141]. The accuracy of SVM classification depends
on the values of two parameters C and y. Careful selection of these two parame-
ters is important. Otherwise the classifier may perform poorly in the testing phase.
A cross-validation approach is commonly used to determine the best parameters.
We find the best penalty parameter C from the range {275,27%, . .., 2"} and width

10 —1

control parameter y from the range {27°,27", ..., 2%}.
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3.5.3 EVALUATION

The performance of the proposed features is evaluated by using SVM classifier. For
the created keyframe dataset, the effectiveness is shown by using confusion matrix
and by computing recall rates, precision rates, and f,-score. The precision rates and

recall rates are measured as follows.

tp
precision = ) (3.17)
tp+Jp
5
recall = i ifﬂ (3.18)

where tp is true positive, fp is false positive and fn is false negative. f, scores are

measured as follows.

precision X recall

(3.19)

fiscore = 2 X —
precision + recall

Table 3.5.2 shows the confusion matrix of the shot classification performance.
The recall rates and precision rates are reported in Table 3.5.3 and Table 3.5.4 re-
spectively. As shown in the tables, the correct classification performance of CU,
M and L is reasonably high. However, the performance of OTS, MCU and C is
considered to be poor. Although the proposed features could not perform evenly
for all shot classes, the performance of the proposed method is considered as ac-
ceptable. Because, the higher performing classes consist of 74% of our keyframe

dataset. Some video shots, such as cut shots and medium shots appear relatively
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less frequently. The number of shots belonging to each class is relatively unbal-
anced and it should be noted that the ratio of the samples within a dataset heavily
affects the degree of classification accuracy. Another possible issue which affects
classification is data labeling. While manually labeling the data, we find it is not
easy to distinguish close-up from medium shot for some cases. In movies, these
two shots are actually framed similarly. Mislabelling of close-up shot and medium
shot somehow affects the classification of these two shot types.

Table 3.5.2: Confusion matrix for shot classification using the keyframe dataset.

| [CU|OTS|MCU| M | C | L |
CU | 770 | 7.7 6.5 3.7 1.8 3.4
OTS | 26.2 | 52.4 12.4 7.1 1.4 | 0.5
MCU | 15.6 | 6.4 43.7 8.0 1.0 | 2.6
7.4 4.4 17.7 | 61.9 | 6.8 1.8
19.0 | 7.8 19.0 6.9 | 39.2 | 8.2
6.2 5.2 2.7 8.9 4.2 | 72.9

HOZ

Table 3.5.3: Recall rates for shot classification.

| shottype | CU |OTS [MCU| M | C | L |
’ Recall ‘ 77.0 ‘ 52.4 ‘ 43.7 ‘ 61.9 ‘ 39.2 ‘ 72.9 ‘

Table 3.5.4: Precision rates for shot classification.

| shottype | CU | OTS[MCU | M | C | L |
’ Precision ‘ 86.4 ‘ 35.0 ‘ 40.8 ‘ 57.1 ‘ 54.5 ‘ 76.5 ‘

In order to justify that context saliency plays an important role in classification,

we classify close-up shots using three different sets of features. Figure 3.5.1, shows
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Figure 3.5.1: ROC curves for Close up shot classification using different feature
sets.

the ROC curves of close up shot classification using different feature sets. As it
can be seen, context saliency features have a significant contribution in classifying
close up shots. Moreover, inclusion of additional features boost the classification
performances. From the figure, it is obvious that saliency features have significant
importance in shot classification. The f, score of CU classification using only con-
text saliency features is 73.25 whereas the f, score of CU classification using all fea-
tures is 81.4. Figure 3.5.2, shows that the f, scores of CU, M, and L shots are higher
than the rest shot types. These three are the top three popular shots in our dataset

while other shots consist of only 25% of the total shots.

66



Chapter 3. Saliency Based Shot Classification

8o
(]
S
I}
Q
@ 60
~—
S
40

CU OTS MCU M C L

Figure 3.5.2: f, scores of different classes using keyframe dataset.

3.6 SUMMARISATION

Cinematographic shot classification is a vital and challenging task. In this chap-
ter, we have proposed a context saliency based cinematographic shot classification
method. The context saliency has been produced by removing redundancies with
low information densities from the contrast saliency and incorporating geometry
constrains. Compared to the traditional saliency map, the context saliency repre-
sents the visual attention distributed in a video frame. Through experiments, the
context saliency has been proved to be significant for shot classification although

unbalanced cinematographic shots have somehow affected classification results.
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Be the change that you wish to see in the world.
Mahatma Gandhi

Hierarchical Approach to
Cinematographic Shot Classification

4.1 INTRODUCTION

IN THIS CHAPTER, WE PROPOSE a hierarchical approach to cinematographic shot
classification by introducing a set of cinematographic domain specific features.
The domain specific features are used in two phases to get better classification re-
sults than the results achieved in Chapter 3. First of all, shots are classified into
one of the top three depth based shot classes, they are named close distance shot
(CDS), medium distance shot (MDS) and long distance shot (MDS). Then, each
shot is further classified into one of the pertaining classes. For classification, we

use SVM classifiers. The contributions of this chapter are as follows.
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« We analyse the cinematographic domain shots and introduce a set of movie

domain specific features for cinematographic shot classification.

« We propose a novel hierarchical approach for cinematographic shot classi-

fication.

In Chapter 3 and in one of our previous works [ 1], we have classified cinemato-
graphic shots based on object and camera position using cinematographic context
saliency maps. The performance of the introduced features is promising although
there is still a scope to improve the results. To obtain better classification results,
we dig the problem further for a better performance. In Section 4.2, the detail of

the proposed framework is discussed.

4.2 FRAMEWORK FOR THE HIERARCHICAL APPROACH

In our proposed hierarchical approach to cinematographic shot classification frame-
work, there are two distinct levels of classification involved. The first level of clas-
sification involves classifying shots into one of the top three depth based classes,
as defined CDS, MDS, and LDS. If a shot belongs to CDS or MDS, then the shot
has to go through one more level of classification. Figure 4.2.1 shows the overall
framework of the proposed method. In our previous work [143], we use a set of
movie domain specific features for cinematographic shot classification. The fol-
lowing subsections describe the details of our proposed features and the classifica-

tion techniques.
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Figure 4.2.1: Flow diagram of hierarchical cinematographic shot classification.

4.3 CINEMATOGRAPHIC DOMAIN SPECIFIC FEATURES

Cinematographic domain video shots are significantly different from the other
types of video shots. Some of the characteristics of cinematographic shots are
distinct and we exploit those characteristics for the purpose of distinctly charac-
terising cinematographic shots. In this section, we introduce the proposed cine-
matographic domain features. As mentioned in the previous chapter, irrespective
to any movie genres, actors take important roles in movies and facial appearance is
one of the most common characteristics in movies. Apart from that, several other
characteristics can be derived. The video shots in movie have some distinctive fea-
tures. In producing quality shots, the use of the modern cameras also plays a big
role. Moreover, well-defined spatial compositional rules are applied in capturing
such shots. Considering these issues, a set of movie domain features are extracted

from the keyframes. In the following, we discuss about the proposed features in

70



Chapter 4. Hierarchical Approach to Cinematographic Shot Classification

detail. The proposed features have been published in one of our previous work in

[143].

4.3.1  WEIGHTED HUE HISTOGRAM

Colour is a widely used important feature to describe an image. In HSI colour
space, the hue represents the colour information while the saturation represents
the purity of the colour. Due to changing intensity of lights, the saturation may vary
significantly. In a movie setting, by using hue analysis, we can get the rough idea of
the scene depth from the objects present in a scene. For example, in along outdoor
shot, a significant portion of the image usually contains the blue sky. Similarly,
in a close-up shot, a significant portion of the shot usually contains human skin
colour. By analysing hue histogram, the dominant colour of a frame is identified
and can be used as a describing feature of a cinematographic keyframes. Figure
4.3.1 shows hue histograms of different types of example shots. As it can be seen,
the corresponding histogram of each of the shot represents the dominant hue of
each keyframe. In the left keyframe, face colour is the most dominant hue and the
corresponding histogram represents red as the most dominant hue. Similarly, in a
forest shot, green tone is more dominant. In order to compute the hue histogram,
firstly, the RGB colour channels are used to compute hue value @ for the pixel at

(x,y), denoted by ¢_ ) where ® € {¢_ y}. The equation to measure hue value is as
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follows.
— 0.5X T(x,y) —8(x +rx _be .
cos—! [( <2,y> 8(e)) T () —b(ay))] ] ifb,, < g,
_ () =8(x) ) F () =b(2,) ) (8(,0) —b(3) )] 2
Pl — 05X [(r(x,3) =8(3) )+ ((a) —b())] -
27T — COS - : : : - otherwise
[(rx,) =8(x) > F () =b(2,) ) (8(x,3) —b(w) )] 2

(4.1)

where r(, ), §(xy) and b(.,) represent red, green and blue channels of the corre-

(xy
sponding location in the RGB colour space respectively. The hue of each pixel
P (xy) 18 computed in the range of o < ¢ (ny) < 27 Computinga bin for each
degree is too fine and unnecessary for describing the colour. Instead of that, we
can quantise the hue into a certain number of levels for a compact representation.

Using the computed hue values, a hue histogram H, of an input keyframe is for-

mulated as follows.

Hy(0) = (9'(6), (@), 9"(0)) (+2)

where ¢ represents the count of the i-th hue bin and 7 represents total number of
bins.

Since the foreground content has strong influence in determining the cinemato-
graphic shot type, we develop a strategy to incorporate the contextual salient re-
gion information in the hue histogram. The proposed scheme is called the weighted
hue histogram. Our intention is to emphasize on the foreground pixels. In order

to do that, we introduce a novel weighted hue histogram scheme. Firstly, the con-
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(a) sample video frames

0.5 1 0.35 0.7
0.4 0.3 0.6
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Normalized Bin Count Normalized Bin Count Normalized Bin Count

(b) corresponding hue histogram

Figure 4.3.1: Hue histogram analysis of three different types (CDS, MDS, LDS)
of shots. For CDS, as the frame mostly comprises with human face, the hue
is mostly dominated by red-yellow tone. For the MDS and LDS hue represents
most dominated colours.

text saliency map is thresholded using an entropy thresholding [ 144] method. The
pixel of binarise map is defined by I(,.,) € {0, 1}. Then, by using the thresholded

context saliency map, we compute the mean 4, and standard deviation o, of the

hue distribution. Formally, we write it as follows.

_ D 2y Py X Ly
y‘P Zx Zy 1X Ixy ’

(4-3)

(4.4)

o = (Zx Zy ¢(x,y) - H(p)z
o sz‘ylx'[(xvy)_l'

Using the mean and standard deviation, we compute weighted hue histogram

of the keyframe. The intention is to identify the variation in the salient portion of
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the frames. If the variation is low, then it indicates that the salient region hue con-
tents are from homogeneous pixels. Therefore, only the corresponding pixels have
more importance in the hue histogram. We define the weighted hue histogram as

follows:

H(0) = (f9'() 90, - flg"(0)) (45)

where,

2
ZO"P

f('(c)) = ¢'(c) x exp (— - y¢> .

where f(¢'(c)) indicated the bin count of the i-th bin of the histogram.

4.3.2 EDGE FEATURES

An image is constructed by transforming the lights coming from 3D world in the
form of 2D and projecting onto a 2D geometric surface. The transformation of
the lights can be controlled, and in this regard, today’s state-of-the-art movie cam-
eras play a big role. Cameramen capture a cinematographic shot by controlling the
camera to let the lights in from the target objects effectively. Movie cameras usu-
ally capture 24 frames per second and thus, the exposure time is fixed to 1/24 sec.

In order to control lights, cameramen use two techniques.

« Using light filter; and

[ Using camera aperture.

Exposure is a big concern in quality photography. In extremely bright light con-

dition, light filters are useful to control incoming lights which is used to filter out
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unnecessary incoming lights. Another way of controlling incoming light is to use
the camera aperture. The size of aperture determines the amount of lights permit-
ted to enter through the lens. The size of the aperture is measured in f-numbers
and indicates the diameter of lens opening. More opening permits more lights to
be entered in the camera. Apart from light controlling, by using the aperture, cin-
ematographers controls depth of fields on the image plane. For creating a shallow
focus (or small depth of field), a large aperture is used (e.g. f/1.4, f/2 and £/2.8).
Similarly, for creating a deep focus, a small aperture is used (e.g. f/22 and f/29).
The law which describes the characteristics of the geometrical transformation of

the optics is as follows.

=l (46)

where fis the focal length of the lens, v is the distance between image plane and the
lens axis, and d is the object distance from the lens axis. Figure 4.3.2 shows lens
geometry of a basic camera model. As shown, the lights from the focused object
meet on the image plane. However, lights from other objects meet before they
reach the image plane, and create blurry patches on the image plane.

In a movie camera, the depth of field is determined by the distance of object (d),
lens focal length (f) and the changeable aperture size (f-number). Use of aperture
restricts the distance of the image plane to the lens focal length. Because of that,
focused objects have sharp appearance on the image plane. However, lights which

are not from the focused objects, do not converge on the image plane. As a re-
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circle of
confusion

Figure 4.3.2: Lens Geometry: light from each point of focused objects meets
on the image plane, while out of focus objects create blurring effect by creating
circles of confusion.

Figure 4.3.3: Shallow focus: characters are sharply in focus while the back-
grounds are blurred.

sult, circles of confusion appear. Circles of confusion create blurry patches in the
images.

In the case of capturing a close-up shots, particularly in cinematography, cine-
matographers use shallow focuses, which invoke low depth of fields. As a result,
subjects appear sharply in focus while the backgrounds appear out of focus. Fig-
ure 4.3.3 shows some examples of close up shots. As shown, shallow depth of field
creates sharp focus on the subject while background appears as smooth patches

without much detailed information.
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Figure 4.3.4: Deep focus: everything in the frames are sharply in focus.

In contrast, long shots usually provide every detail of the contents. To ensure
that, a deep focusis used. In order to increase the depth of field in capturing a deep
focus, a small aperture is used. This mechanism ensures lights coming from differ-
ent objects of different depths to correctly converge on the image plane. There-
fore, sharp shots are produced. Figure 4.3.4 shows some examples of long shots
with deep focuses.

Based on the above discussion, it is obvious that different camera settings cre-
ate a changing level of edge energy. We summarise that there is a strong correla-
tion between edge energy and the depth of the field. Therefore, the edge energy
is considered as a strong feature in discriminating cinematographic shots. In or-
der to measure edge energy, we compute Haar wavelet coefficients. Wavelet is an
excellent tool to determine sharpness of the edge. The edge energy computation
is performed in two steps. Firstly, a keyframe is decomposed up to n levels using

Haar wavelet. Then, edge energy is computed as follows.

e = \/Ih> + h> + hi? (4.7)
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Figure 4.3.5: Computed wavelet edges up to three level using Haar wavelet
transformation.

where i represents the decomposition level. Ik, hl and hh represent low-high, high-
low and high-high sub-band respectively. Figure 4.3.5 shows examples of edge de-

compositionup to 3 levels.

4.3.3 REGION WITH SKIN COLOUR

Movie is mainly all about human activities, human facial expressions and body lan-
guages. Based on the requirements, the distance from a human body to a camera
varies significantly. In order to measure the depth of a scene, the area of skin re-
gion provides a clue of distance of objects from the camera. In order to measure
the area of skin colour region, we need to segment skin region pixels from an input
frame. In the literature, a wide number of skin colour detection methods are pro-
posed. A good survey of these method can be found in [145]. Skin segmentation
is in movies is different than the normal lighting settings. In movies, due to the use

of different light sources, skin colour varies significantly for different indoor and
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outdoor shootings. Moreover, different lighting creates different skin tones of the
same person. Therefore, we need to consider this issue in order to segment skin
region robustly. In the proposed method, we use a simple but effective threshold
based technique to segment regions with skin colour. Firstly, a multiview face de-
tector [137] is used to identify the face regions within the keyframes. Then, using
the detected face regions, we measure the mean y_ = {y,, by u, } and covariance
matrix % of facial regions. Then, using these two parameters, each pixel of the

corresponding keyframe is labelled as a skin or non-skin pixels as follows.

1 ifdist(pw,ys,Zs) <7
S(pw) = (4-8)

o otherwise

where,

diSt(pxy)” ys’ 25) = (pxy}/ - Hs)TZ.:l(pxy}’ - ys)’

P« represents pixel colour in RGB colour space and 7 is a predefined threshold. If
akeyframe does not contain any face, then the previous keyframe’s parameters are
used in segmenting skin regions. Figure 4.3.6 shows examples of the segmentation

results of skin pixels.

4.3.4 OTHER FEATURES

The context saliency map, pixel correlation and entropy, which have been described
in Chapter 3, are also considered as cinematographic domain features and hence

used in the proposed framework in this chapter.
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(a) sample cinematographic frames

(b) corresponding segmented skin pixels

Figure 4.3.6: Examples of skin colour segmentation.

4.4 PROPOSED HIERARCHICAL SHOT CLASSIFICATION

In Chapter 3, cinematographic shots are classified into 6 classes by using context
saliency maps, colour intensity and pixel correlation features. In this section, we
propose a hierarchical shot classification technique with an intention to improve
the classification performance. First of all, the cinematographic shots are cate-
gorised into three top level classes based on the distance from a camera. We have
named them, CDS, MDS and LDS. Close-up shots, over-the-shoulder shots and
medium close-up shots belong to CDS. Medium shots and cut-shots belong to
MDS. There is no classification required in the LDS and a classified LDS is directly
considered as a long shot. As mentioned, there are two phases in our proposed
technique. The first phase, level 1 classification, involves classifying a shot into one

of the top three classes: CDS, MDS and LDS. After that, if the shot belongs to CDS
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r
g

Figure 4.4.1: Examples of the rule of thirds.

or MDS then the shot has to go through the second phase of classification called
level 2 classification. The following subsections describes the details of methods for

feature extraction at level 1 and level 2.

4.4.1 FEATURES FOR LEVEL 1 CLASSIFICATION

In order to classify a cinematographic shots into one of the top three classes, we
extract local and global features using the feature extraction methods discussed
in section 4.3. The local features include context saliency map, region with skin
colour, pixel correlation and entropy. The global features include weighted hue

histogram, edge features and number of faces in the a keyframe.

LocaL FEATURES COMPUTATION

In order to compute the local features, a popular photographic rule, rule of thirds
(ROT) is used. The ROT is a widely practised composition rule in the profes-
sional photography. This rule describes an effective way of positioning the objects
of interest within the frame. In order to do that, a frame is imaginatively divided

into a 3 X 3 grid. The intersecting points of the imaginary lines are considered
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Figure 4.4.2: Saliency map is segmented in vertical and horizontal directions
to compute saliency features.

as golden locations, where the important objects are placed. For example, the fa-
cial region of a close-up shot is intentionally placed in one of the golden locations.
Moreover, each imaginary section contains information to best describe the scene.
For example, in the case of a long shot in a outdoor scene, horizon line is placed
roughly either along the top imaginary line or along the bottom imaginary line.
If the horizon is placed along the lower imaginary line, then it is obvious that the
photo mainly tells a story about the sky. If the horizon is placed along the upper
imaginary line, then the photo obviously tells a story about the ground or water.
Figure 4.4.1 shows examples of ROT.

The proposed local features are computed, considering that the ROT as an im-
portant composition rule in professional photography. At the beginning, local fea-
tures are extracted from the context saliency maps. Firstly, each context saliency
map is segmented into 3 horizontal and 3 vertical regions. Figure 4.4.2 shows an
example of segmenting a context saliency map in horizontal and vertical direc-
tions. Then, for each of the horizontal and vertical segments, the total local context

saliency magnitude Q) is computed by summing all pixel’s saliency values within
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that local region. Equation (4.9) expresses the local context saliency feature for-

mally.

Q) = Z Wy (4.9)

x€Eiy€i
where o is orientation of segmentation, which can be h or v representing horizontal
and vertical directions respectively. i € {i, 2,3} indicates the index of the corre-
sponding segment. w, , represents the context saliency of the pixel at (x, ). After
this, each oflocal context saliency magnitude is normalised using the total saliency
magnitude of the keyframe. We write it as follows.

Q°

oo O (410)
Zxéa,yeﬂ a)(xJ y)

where a and f represent width and height of the image respectively.

In a similar way, the region containing skin pixels is segmented into 3 horizontal
and 3 vertical regions. For each of the horizontal or vertical segment, the total num-
ber of skin pixels is counted. Then, for each local region’s pixel count is normalised

using total number of pixels of the keyframe. We write it as follows.

50— eri,yei S(vay)
l era,yeﬂ S(vay)

The pixel correlation and entropy features are computed by segmenting the key-

(4.11)

frame into 9 (3 X 3) equal sized local regions. For each of the local regions, pixel
correlations C!', C and entropies E, E’ are computed. Then, each of computed

corrections and entropies are normalised using the total correlation and entropy
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respectively. We write it as follows.

Zin,yEi Cay

=
ZiEa,ijeta Ci,j

1

(4.12)

where i € {1,2,3} indicates a local region and a and f indicate the image height
and width respectively. Similarly, for the local region at (p, q), the normalised local

entropy features are computed as follows.

B — Zxéi,yGiEx:)’

1
EiEa,jEﬁ Ei,}'

where i € {1,2,3} indicates a local region and a and f indicate the image height

(4.13)

and width respectively.

GLOBAL FEATURES COMPUTATION

In order to represent the hue information, selecting quantisation is important. Hav-
ing too many bins in the histogram creates a high dimensionality in the feature
space. To represent the primary colours, we use 12 bins in the proposed weighted
hue histogram. We count the bins in such a way that each bin describes one of
the distinguishable colours from the hue circle. Figure 4.4.3 shows an example
of hue circle. In the hue circle, each 60° interval (e.g. o, 60 and 120) represents
a pure colour. Between two pure colours, another colour is created as a result of
the mixture of the colours (e.g. orange colour is appeared as a mixture of red and
yellow). Between 45° and 74°, it represents a yellow colour. Using this observa-

tion, we quantise the hue circle for each 30°. We compute a 12 bin weighted hue
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Figure 4.4.3: Exmple of the hue circle.

histogram using Equation 4.3.1. The weighted hue histogram is normalised for a

uniform representation using the following equation.

H () = (4.14)
where C = Y7 6'(c). Equation (4.14) is used as the colour feature to represent
the colour distribution in the keyframe.

Edge energy is computed as another global feature. In order to identify the level
of detail, we first compute each edge energy ¢; by using equation 4.7. Each edge
energy is normalise as follows.

_ €

] (4.15)

where ¢; indicates the normalised edge energy. a; and B, represent the height and
width of the decomposed image at level i. The number of faces is counted by using

a face detector described in [137].
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4.4.2 FEATURES FOR LEVEL 2 CLASSIFICATION

A shot which is classified as a CDS or a MDS is going to another level of classifi-
cation. In order to do that, different features are used for an effective result. In the

following, features which are used in level 2 classification are described in detail.

FEATURES FOR CLOSE DISTANCE SHOT CLASSIFICATION

The CDS consists of three sub-classes of cinematographic shot - close-up shot,
medium close-up shot and over-the-shoulder shot. For CDS classification, a 9 di-
mensional feature vector is used. In this case, we use three normalised horizontal
context saliency features f)?. Again, we use horizontal regions with skin colour
features S!. We use the horizontal direction that gives a notion of constituent of
the scene. For example, if the saliency values and the regions with skin colours
are nearly evenly distributed in all three segments, the scene is more likely to be
a close-up shot. We compute three more features from the edge energy E by seg-
menting the scene vertically into three equal sized regions. After computing the
total local energies, these values are normalised using the total energy of E. The
intention is to represent the spatial construction of a scene.

After extracting the features, a feature vector is created and used for SVM clas-
sification. The classification procedure has been described in Sub-section 3.5.2 of

Chapter 3.
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FEATURES FOR MEDIUM DI1STANCE SHOT CLASSIFICATION

There are two subclasses of cinematographic shot belonging to medium shot: med-
ium shot and cut shot. Medium shot and cut shot are classified by using a key fea-
ture - human face occurance. We adopt the method in [137] to identify faces in a
keyframe. If there is a face appearing in a key frame then the shot is classified as

medium shot, otherwise the shot is classified as a cut shot.

4.5 EXPERIMENTAL RESULTS

4.5.1 DATASET PREPARATION AND SVM CLASSIFICATION

In this chapter, we use the same dataset that we have prepared for Chapter 3. The
dataset contains a total of 3206 keyframes representing six different classes, namely
1) Close-up (C) shot, 2) Over the shoulder (OTS) shot, 3) Medium close-up (MCU)
shot, 4) Medium (M) shot, 5) Cut (C) shot, and 6) Long (L) shot. The keyframes
are taken from a wide variety of movie genres and the ground truths are labelled
manually. The same training and testing sets from Chapter 3 are used for SVM
training and evaluation purposes. For classification, One-Against-All 3-fold cross

validation SVM classification approach is used.

4.5.2 EVALUATION

The performance of the proposed features are measured in this subsection. The
classification performance is measured in terms of precision rates and recall rates

and f, scores. Table 4.5.1 shows the precision and recall rates of level 1 shot clas-
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Table 4.5.1: Recall and precision rates for level 1 classification

CDS| MDS| LDS |

Recall 89.23% | 84.88% | 90.77%
Precision | 83.35% | 77.06% | 75.99%

Table 4.5.2: Confusion matrix for level 1 classification

| | CDS| MDS| LDS|
CDS | 89.23% | 4.06% | 6.61%
MDS | 11.99% | 83.86% 3.15%
LDS 5.88% 3.24% | 90.77%

sification. As it can be seen, the overall recall and precision rates are satisfactory.
Table 4.5.2 shows the confusion matrix of level 1 classification. It shows that the
confusion of the CDS is almost equally with the MDS and the LDS. However, for
MDS, more shots are classified as CDS. Similarly, the confusion of the LDS is al-
most equally with the CDS and the MDS.

The recall and precision rates of level 2 classification are given in Table 4.5.4. The
classification performance of OTS shot is very high with racall rate more than 92%
and precision rate more than 80%. Again, the classification performance for CU
shot is also high with recall rate around 78% and precision rate around 84%. The
error is analysed using the confusion matrix shown in Table 4.5.4. The majority

of confusion of the CU shots is with the MCU shots. Similarly, the majority of
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Table 4.5.3: Recall and precision rates for level 2 classification.

| cu| OTs| MCS| Ms| S
Recall 78.01% | 92.23% | 88.90% | 81.95% | 78.19%
Precision | 83.96% | 80.35% | 65.06% | 85.01% | 77.00%

Table 4.5.4: Confusion matrix for classification of six types of shots.

| | CU| OTS|MCS| MS| CT| LS|
CU 78.01 8.25 | 13.65 0.00 0.00 0.00
OTS 6.25 | 92.23 1.15 0.00 | 0.00 | 0.00
MCS | 9.65 1.39 | 88.90 | ©0.00 | 0.00 | 0.00
MS 0.00 | 0.00 | 0.00 | 88.00 | 11.75 0.00
CT 0.00 | 0.00 | 0.00 | 17.62 | 81.89 | 0.00
LS 0.00 | 0.00| 0.00| 0.00| 0.00 | 90.77

confusion of the MCU shots are with the CU shots.

The f, score of CU, OTS, MCS, MS, CT and LS are 80.88, 71.05, 60.69, 67.41,
64.23 and 82.73 respectively. Table 4.5.5 shows the f,-scores of six shot types. We
compare the performance with the results reported in Chapter 3. Figure 4.6.1
shows the result comparison using histograms. Although the f,-score does not im-
prove for CU shots, f,-scores for rest of the shot types has been improved signifi-
cantly. The most significant accuracy is achieved for long shot with f-score 82.73.
The accuracies for the rest are also significantly high. We further compare the re-
sult of the proposed framework with the classification results achieved by using
proposed features without using hierarchical approach. Figure 4.6.2 shows the re-

sult comparison using histogram. Although the classification performance of CU
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Table 4.5.5: F-measure for classification of six types of shots.

CU | OTS|MCU| MS| CT| LS|
’ 80.88 ‘ 71.05§ ‘ 60.69 ‘ 67.41 ‘ 64.23 ‘ 82.73 ‘

increase by a small margin, other classes are far bellow then the achieved results
by the proposed method. In conclusion, the proposed hierarchical approach has

significant influence in classifying cinematographic keyframes.

4.6 DIscussION

As mentioned, there exist a number of approaches for cinematographic shot clas-
sification. However, our proposed approach is a novel effort in classifying cine-
matographic shots. As the other approaches and shot classes are different from
our approach, the results can not be compared. However, in our previous work in
[1] and in Chapter 3, we took a similar approach to classify cinematographic shot.
In comparing to our previous work, using the method proposed in this chapter im-
proves the classification performance significantly. The improvement is achieved
because of different classification approach. Unlike our previous work, the classi-
fication is done in two broad steps. In the first step, shots are classified based on
the distance of the camera from a subject. Due to this simplified but effective ap-
proach, shots can be classified into subclasses with more accuracy. Asitis found in
the result comparison, the classification for the long shots is improved greatly. The

next level of classification only concentrates on classifying similar types of shots.
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Due to simplification of the overall approach, most of the shots classification accu-
racy is improved significantly. Although, the overall accuracy has been improved,
the processing time of the proposed method in this chapter is a concern. As a con-
sequence of inclusion of more features, the hierarchical approach is slower than
the method proposed in Chapter 3. For a 688 X 272 pixel keyframe, the feature ex-
traction times are 1.79 and 1.22 second for the proposed method and the method
proposed in Chapter 3 respectively. In the experiments we use personal a com-
puter with Windows XP operating system, Intel Core is 2.5 GHz, 4-GB memory.

We use Microsoft Visual Studio 8.0 with OpenCV 2.3 for programming.

o8 [T [ |

0.6

IR n

CU OTS MCU M C L

10 method [1] 00 proposed method

Figure 4.6.1: The comparison with our previous work proposed in [1].
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Figure 4.6.2: The classification performance of the proposed method and the
method using the proposed features but without using hierarchical approach.

4.7 SUMMARISATION

Due to the unorganised nature, the classification of cinematographic shot is not
an easy task. In this paper, we propose a hierarchical cinematographic shot clas-
sification technique to classify six pre-defined classes. There are two steps in our
classification technique. In the first step (level 1 classification) a shot is classified
into one of the three broad classes. If the shot belongs to CDS or MDS class, the
shot is further classified into detailed shot classes. CDS shots are further classified
into CU shots, MCU shots and L shots. MDS shots are classified into M shots and
C shots. For classification, we introduce a set of movie domain specific features.
One of the important features is context saliency map. We also identify that the
camera lens put signature on the shots depending on the distance of the objects
from the camera lens. Thus, edge energies are computed and used as additional
important features. Weighted hue histogram is computed to identify the domi-

nant colour in the salient location of a keyframe. As the movie mostly involved
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with human activities, the area with skin color is considered as another important
feature. For feature extraction, we use photography composition rule (i.e., rule
of thirds) to represent the shot effectively. As there is no similar work done, we
could not compare the results with other methods. However, compared with our
previous work [ 1], the proposed method performs much better with significantly
higher accuracies.

In the proposed method, we have not considered any motion information. Mo-
tion information provides an important clue in classifying shots. In the next chap-
ter, we investigate the performance of shot classification including motion infor-

mation.
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Ever tried. Ever failed. No matter. Try again. Fail again. Fail
better.

Samuel Beckett

Camera Motion His‘togram Descriptor for
Video Shot Classification

5.1 INTRODUCTION

IN THIS CHAPTER, WE PROPOSE a novel camera motion characterisation and de-
scription technique through identifying the camera motion patterns from the in-
herent motion structure buried in the raw video data. We concentrate on profes-
sionally captured videos (e.g, feature films and sports) and thus, home videos are
out of the scope of our work. We deal with motion information in two main stages,
motion characterisation and motion description. Our intention is to exploit the re-
dundant information of video data to characterise the camera motion patterns of

video shots. Motion vectors (MVs) of consecutive frames are extracted and the
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inconsistent motions are suppressed by applying statistical temporal motion anal-
ysis. Then, the global motion patterns of each video shot is represented by using
a number of local motion descriptors. The local motion descriptors are used to
describe the local camera motion patterns of different local regions. Then, the ex-
tracted features are used in a statistical learning framework to recognise the quali-
tative camera motion patterns.

At the motion characterisation stage, motion vector fields (MVFs) are construc-
ted by extracting motion vectors from consecutive frames by using block matching
(BM) technique. The MVFs are segmented into nine (3 X 3) equally sized local
regions. Then, the temporal gradient of the motion vectors of each macro-block
(MB) is computed. Then, by using an effective statistical measure on the gradient
of motion, the motion vectors of interest (MVIs) are identified. The MVIs of each
local region are then characterised by using principal component analysis. The
most variance retaining principal component is identified to represent the camera
motion compactly. To do this, we accumulate the MVIs from a small number of
frames for a local region and construct a matrix. Then, the matrix is decomposed
using SVD technique. Let us assume that we have t frames in a video shot. The
matrix is formed by using MVIs of the corresponding local regions of n consecu-
tive frames where (n < t). Finally, the oriented angle of the principal component
is computed and quantised with a predefined step size. The consecutive quan-
tised angles of each local region are used to characterise the local temporal motion.
At the motion description stage, quantised angles of each local region are used to

create a histogram, where each local histogram is considered as local motion de-
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scriptor. By combining all the local histograms, the camera motion histogram de-
scriptor is formed for an input video. Figure 5.2.1 shows the flow diagram of the

proposed method. The contributions of this chapter are summarised as follows.

« A novel compact camera motion characterisation technique is introduced

to characterise the camera motion in a video.

« A novel shot level camera motion descriptor is proposed to represent the

overall motion activity of a shot by using a histogram.

The detail of our contribution is described in Section s.3.

5.2 FRAMEWORK

Some approaches have been proposed to characterize camera motions. In [55],
an approach was proposed to characterize camera motion in the temporal direc-
tion. A two dimensional affine motion model was applied on consecutive frames
to estimate global dominant motion. Then, by assuming that the dominant mo-
tion happens due to camera motion, a qualitative description of dominant motion
was estimated using the significance of the global affine components. Although
the approach is useful for motion characterization in the temporal direction, it is
not suitable for effective indexing purpose. A compact representation of motion is
much desired for an effective solution. Ngo et al. [2] proposed an approach to clas-
sify video shots static, pan, tilt and zoom shot classes using spatio-temporal slice
processing. The spatial dimension (x, y) at time ¢ was processed by using spatio-

temporal slices in the (x, t) space and (y, t) space. Then, the camera motions were
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analyzed by utilizing Tensor histograms. As the authors assumed that there ware
no object motions present around the boundary of the frames, the applications
are only be limited to news and sports videos. Such assumption may cause poor
performance in generalized video shot classification. Ewerth et al. [3] proposed
another approach to classify video shots into basic camera motion classes by uti-
lizing MPEG domain motion vectors. Firstly, motion vectors from only P-frames
were extracted to represent the camera motions. Then, irrelevant motion vectors
were identified and eliminated by applying two proposed filters, namely smooth-
ness and neighborhood filters. Finally, camera motions ware modeled by using
Nelder-Meade algorithm. Although their proposed method can be used to dis-
tinguish between translation and rotation around x and y axis, the success de-
pends on the sample motion vectors and accuracy of outlier removal technique.
In [ 146], a novel approach was proposed for camera motion analysis. In their pro-
posed method, keypoints from consecutive frames were matched using Difference
of Gaussians (DoG) and SIFT descriptors. Then, a voting process was applied to
eliminate the foreground key points. Their method can be applied for video shot
categorization. However, this method also lacks a compact representation of mo-
tions. A few optical flow based methods were proposed in [147-149]. Nguyen
et al. [147] proposed a template based method to determine motion types from
the computed optical flows. The applicability of template based methods to clas-
sify video shot is limited to slow videos. Almeida et al. proposed an optical flow
based method to classify video shots into tilt, pan, roll and zoom classes. Their

proposed method is considered to be a slow method. Moreover, the method lacks
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a compact representation of the camera motions. In [150], a motion descriptor
was proposed for motion activity for MPEG videos. Firstly, motion intensity were
characterized into different intensity levels. Then, a histogram was computed us-
ing different intensity levels to describe a scene. The computed histogram was used
as the scene descriptor. Although good performances were achieved in [150], di-
rect use of MVs for compressed videos could be misleading. MVs in compressed

domain may not represent the true optical flows.
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Figure 5.2.1: Flow diagram of the proposed camera motion histogram descrip-
tor technique.

As far as video indexing and retrieval concern, both camera motion characteri-
zation and motion description can play an important role. Compact temporal mo-
tion characterization describes the camera motion pattern over time while a mo-

tion descriptor summarize the overall camera motion. Such characterization and
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description techniques provide coherent motion information ranging from basic
to complex camera movement. In this chapter, we proposed a camera motion de-
scriptor for the purpose of motion based video indexing and retrieval. Figure 5.2.1
shows the flow diagram of the proposed method. In our proposed method, we
include both motion characterization and motion description to address video in-
dexing problem. In the proposed method, a compact camera motion characteriza-
tion and description techniques are introduced by identifying the camera motion
patterns from the inherent motion structure buried in the raw video data. We con-
centrate on the professionally captured videos (e.g, feature films and sports) and
thus, home videos are out of the scope of our work. We deal with motion infor-
mation in two main stages, motion characterization and motion description. Our
intention is to exploit the redundant information of video data to characterize the
camera motion patterns of video shots. Motion vectors of each consecutive frames
are extracted and the inconsistent motions are suppressed by applying statistical
temporal motion analysis. Then, the global motion patterns of each video shot is
represented by using a number of local motion descriptors. The local motion de-
scriptors are used to describe the local camera motion patterns of different local
regions. Then, the extracted features are used in a statistical learning framework
to recognize the qualitative camera motion patterns. The proposed method works
in four main steps: motion estimation, motion vector of interest detection, mo-
tion characterisation and shot motion representation. The detail of the proposed

technique is described in the following subsection.
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5.3 PROPOSED CAMERA MOTION DESCRIPTOR

In this section, the proposed technique for camera motion descriptor is described
in detail. We name the proposed descriptor the CAmera Motion HIstogram De-
scriptor (CAMHID). The CAMHID is constructed in four steps. Firstly, BM based
ME technique is used to estimate the local motion of each MB. Then, by analysing
the local motion of each MB in the temporal direction, MVIs are identified. Then,
in the third step, MVIs are used to produce a sequence of compact representations
of temporal motion. In the last step, the compact representations are used to ob-
tain a normalised histogram as the local motion feature of video shots. As shown
in Figure 5.2.1, the output of the above-mentioned four steps for feature extrac-
tion is a CAMHID, that integrates the motion features of the local regions. The

following subsections describe the detail of CAMHID construction.

5.3.1 BLOCK MATCHING BASED MOTION ESTIMATION

BM based ME is a popular technique to estimate a local motion. This technique
has been widely used for video compression, particularly for motion compensa-
tion in the current state-of-the-art video coding standards [151]. The ME tech-
niques are used to find the optimal optical displacement in an MB of a frame. The
optimal displacement is represented by a MV which corresponds to the coordi-
nate displacements of the best matching block in the reference frame. For an MB
in the i-th frame, MV is searched in the (i + 1)-th frame. Let f and i+ be two

consecutive frames taken from a video shot. We construct a motion vector field
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MVF' by extracting all MVs belong to a frame. In order to do that, frame f' is sub-
divided into non-overlapping MBs of size N X N (see Figure 5.3.1). For each MB,

the most similar block in frame f(lJrl

is identified by searching in the area of size
(M + N) x (M + N) in fi*") as shown in Figure 5.3.1, where M = 2 x N. Foran

MV mv"(x oy we need to compute the horizontal displacement u"(x ) and the vertical

displacement v"(x ,)- Formally, we write:

i i o . .
(W) Vi) = 918 _ P o ST e(x,y, u, v, 1) (5.1)

where,
N—1 N—1
e(x,y, u,v,1) ZZ[fx+py+q) — ) (x+u+p,y+v+9q)|
p=o g=o

The optimal optical displacementidentified by Eq. (5.1) isused to compute u"(x,y) =
(x — u)and v, ,) = (v — v) which represent the horizontal and vertical displace-
ments of the MV mv"(x’y) respectively. Likewise, we construct MVF' = {mvzx’y) }
forVx € a,Vy € B. Here, a and f correspond to the width and height of the video

frame respectively.

5.3.2 DETECTION OF MV OF INTEREST

In this subsection, we propose a technique to identify MVIs through analysing lo-

cal motions in the temporal direction. Our goal is to identify the spatial region
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Figure 5.3.1: BM based MV searching from two consecutive frames f and
) For an Nx N MB at (x,y) in f, the searching area is marked in i), The
size of the searching area is (M + N) x (M + N) centring at the searching block
region.

where the motion information has a direct relationship with the camera move-
ment. The basic camera movements are categorised as static, pan, tilt, zoom and
combination of them. The camera can be operated manually by holding in hand
or by mounting on a tripod or any form of transportation. In professional video
shooting (e.g., the shooting for sports, news, documentary and film), video shots
are captured with smooth, jerking free and consistent camera motion. The ob-
jects in video frames can be static or dynamic. Due to camera movement, the MVs
belonging to the static object region have a direct relationship with the camera
movement. However, according to our observation, motion pertaining to non-
rigid bodies and focused objects (e.g., objects are being shot) are independent of
camera motion. Non-rigid bodies (e.g,, rippling water and waving leaves) and play-
ers/actors often produce random and jerky motion with respect to camera frame.
Figure 5.3.2 shows camera motion analysis by using benchmark video shots. Al-
though the first 10 frames of the Foreman sequence is identified as with a static

video shot, the subject actually produces a random motion with respect to the
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camera frame. Other parts of the video mostly preserve the camera motion in-
formation. Similarly, the flower garden sequence mostly preserves camera motion
information in the first 10 frames of the shot. The washed out areas of the helmet
(in the Foreman sequence) and a big part of the sky area (in the flower garden
sequence) do not produce any motion information due to inadequate detail of vi-
sual information. Based on this observation, in this subsection, we search for the
MVIs where camera motion consistency is preserved in the temporal direction of
the computed MVs. In order to do that, firstly for each MB, we compute the gra-
dient of MVs in the temporal direction. The gradients of horizontal displacement
ui(x,y) and of vertical displacement vi( ) are computed separately for each MB of

x’y

the entire shot. Formally, we write:

Vi = Vil Vi, ..., Vul )},

(%)

Vit = Vil Vit Vol V. (5.2)

xy)? (%)

where,

i _ (i+1) i
Villey) = (u(x,y) N u(w)) '
i o (i41) i
Viey) = <v(x,y) N V(w)) '
Next, MVs are determined as MVI or not by employing a simple and effective

statistics based traditional measure of distance on the computed Vu ), Vv(.,)

and computed motion vectors. We check the significance and consistency of the
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Figure 5.3.2: Motion analysis using benchmark video sequences. Subject and
non-rigid body creates jerky motion with respect to the camera frame. (a) Fore-
man video sequence, (b) First 10 MVFs of the Foreman sequence are computed
and superimposed, (c) Flower garden video sequence, (d) First 10 MVFs of the
flower garden sequence computed and superimposed.

motion activity of MBs. The significance is checked by computing the mean mag-
nitude of the MVs and consistency is checked by using the gradient of the MVs
(described in Eq. (5.2)). If the MVs at (x, y) of frame f show that the motion is
significant and consistent for k (k < (t— 1)) consecutive MBs in the temporal

direction, then the MV is declared as an MVTI. In this way, all MVIs are identified

from the extracted MVs, provided that there is no MVIs extracted from the last
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k — 1frames. The MVI determination process is formally written in Eq. (5.3).

where,

HVui

mvi‘(x

ydistj

Avm

0wy

_ kzk 1v

5

(x,9)

(x,7)

(x,7)

i+j
By

true if (y G > Tl> and

(%,y)

oL, + ot ) <7,
(<\/ Vg Ve ) (5.3)

false otherwise

k—1
_ ! i+ ’
B k—1 Z <u(x ») yv”(xy))
j=o
L k—1 )
— i+
o\ > (v = b,)
j=o
by Zk X Vv, +] )» 71 is a threshold which is

(%,y)

close to o and 7, is a threshold for motion inconsistency tolerance. Both thresholds

are set experimentally (detail of the experiment is described in subsection 5.4.1).

Figure s.3.3 illustrates the MVI determination procedure from different camera

motion types.
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(a) static motion
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[llustration of MVI determination from different camera motion

types. First row of each sub-figure represents 1st, 5th and 10th frame respec-
tively of the video sub-shots. The left image of the second row of each sub-figure

Figure 5.3.3:

represents accumulated motion vectors from 10 consecutive frames of the cor-

The right image of the second row of each sub-figure

represents the location of the MVIs determined by applying Equation (5.3).

responding sub-shots.
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5.3.3 MoTION CHARACTERISATION

The MVI based motion characterisation technique is described in this subsection.
Our intention is to characterise a video shot in such a way that preserves the mo-
tion content in a compact manner. Figure 5.3.4 shows roughly a region-wise shot
motion summary of common video shot types (according to the definition of each
shot type). It shows that the motion patterns of static, tilt and pan shot are similar
in every local region. However, zoom shot’s motion pattern varies and is local re-
gion dependent. Therefore, in order to identify the characteristics of a video shot,
we need to consider this fact. Accordingly, we divide the computed MVFs into
nine (i.e,, 3 X 3) non-overlapping local regions of equal size. The MVF in region
(p, g) of frame i is denoted by MVF(, .\, p € {1,2,3} andq € {1,2,3}. For each
region, MVF, ;)’s motion contents in the temporal direction are separately and
compactly represented. At the end, the compact representation of camera mo-
tions of all local regions are combined to characterise the whole shot’s motion.
Figure 5.3.5 shows the basic strategy of the motion characterisation procedure. As
shown in the figure, mvi"(w) € MVF"(M) of n consecutive temporal regions are ac-
cumulated for compact representation. During the accumulation, we count that
if we have a significantly big number of MVIs for characterisation. If the number
is lower than 10% of the total number of MVs of a local region, then we conclude
that this happens due to lack of enough camera movements and/or random mo-
tion from the non-rigid body. Hence, the camera motion related to this particular
n MVF,

() is identified as static. Otherwise, the motion related to the region is
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Figure 5.3.4: Region-wise shot motion summary of static, tilt, pan and zoom
shot (left to right). Each of the local region represents the rough direction of a
camera motion.
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characterised and compactly represented.

The compact representation is accomplished using the singular value decom-
position (SVD) technique [152]. At the beginning, a matrix A is created with the
MVIs from n local regions of MVF"(M) accumulated using raster scan method. Let
matrix A contain I MVs and the MVs are d dimensional vectors. In our case d = 2
as we have only two components in the motion vectors. Therefore, Aisal X 2

matrix. Then, we apply SVD on A to decompose it as follows.
A = UAVT (s.4)

where Uisa (I X 2) orthonormal matrix. The columns of U are the eigenvectors of
AAT. A = diag(X,,...,2;)isad x d diagonal matrix containing the singular val-
ues in descending order. The singular values are the square roots of the eigenvalues
of both AA™ and ATA. The magnitude of each singular value corresponds to the
importance of the corresponding principal component. Visa (d X d) orthonor-
mal matrix and the columns of V are the eigenvectors of ATA. We are interested
in V as it encodes the coeflicients used to expand A in terms of U. As the top s

(s < d) principal components approximate a significant amount of information
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Figure 5.3.5: Local motion characterisation. The MVIs of n consecutive regions
are accumulated for a compact representation.

of the original data [153], we represent the camera motion using the most domi-
nant principal component of V. Therefore, the accumulated MVI from n blocks of
MVFi(M) is compactly represented by this most dominant component. The vector

is identified as pc&rg) , where n is a constant.

5.3.4 SHOT MOTION REPRESENTATION

In the previous subsection, each motion is either characterised as static or further
characterised according to the direction of the most dominant principal compo-
nent. For each local region, the results obtained in the previous step shown in
Subsection 5.3.3 to form a histogram. First of all, the oriented angles of the prin-

cipal components pc(é’"q)) are computed. Each angle is computed with respect to x
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axis. Eq. (5.5) is used to compute the oriented angle.

gl _ cos™ ' (v -pc&%) ify,e > o

(a) — (5.5)

360° — cos™* (v -pc&'%) otherwise

where y, is the y component of pcg)’"q))

and v is an unit vector along x axis. The SVD
technique is susceptible to noisy data. However, a rough estimation of the motion
angle is sufficient enough for our task. The computed angle is quantised with Q
levels in the range [0°, 360°]. Figure 5.3.6 shows the angle quantisation strategy.
The first angle level range is 345° to 15° in counter clockwise direction, and rest of

the levels are equally spaced along the angle circle. Using the computed angle and

the static motion information, The histogram for a region is formulated as follows.

H(M)(c) = (h((’m)(c), ‘(M)(c), R h%}q)(c)) (5.6)

where hi(p 2 (c) represents the count (or height) of the i-th bin. The first bin repre-
sents static region count. The rest are for the quantised angle indexi € {1,..., Q}.
Finally, the histogram is normalised for a uniform representation using the follow-

ing equation.

he (c) K. (c he (¢
ﬁ(p,q>(6)=< (p’qc)(), @’2()7---, (’”qc)()) (5.7)

Qi . .
where C=) = W0 (c). Eq. (5.7) is used as the feature of a region to represent
the camera motion related to the region.

After all mentioned in Subsections 5.3.1-5.3.4, we integrate all of the local his-
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Figure 5.3.6: lllustration of compactly represented motion quantisation rule.

The angle of each pcg;’r;)) resides in one of the 12 ranges.

togram features to form a single feature vector. This vector representation is con-

sidered as the camera motion histogram descriptor for an input video shot.

5.4 EXPERIMENTAL RESULTS

The performance of the proposed camera motion histogram descriptor is exper-
imented and evaluated in this section. The proposed descriptors are extracted
from the training datasets to train the support vector machine (SVM) classifiers.
Then, the performance is evaluated based on the classification results on the testing
datasets. The following subsections describe the detail of the datasets preparation

and the evaluation procedure.
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5.4.1 DATASET PREPARATION AND FEATURE EXTRACTION

As discussed in Chapter 1, based on camera motion characteristics, video shots
are mainly classified into four basic classes: 1) static, 2) pan, 3) tilt, and 4) zoom.
The static shots are captured by placing or holding the camera firmly without any
significant camera movement. For the close-up view of objects, static video shots
are often captured. The panning shots are captured by rotating the camera about
the vertical axis. For the purpose of following objects horizontally, pan shots are
often used. Tilt shots are captured by rotating the camera about the horizontal
axis. Tilt shots are used for following objects in the vertical direction. Zoom shots
are captured by changing the focal length of cameralens. In order to show close-up
view from the long view of the object or vice versa, zoom shots are often used. The
shots are labelled based on the observation defined above. A video shot is captured
continuously, and it may contain different types of camera motions. In that case,
the label is given based on the most dominant camera motion. A shot without any
dominant camera motion is labelled as others shot.

To evaluate the classification performance, we conduct experiments on two data-
sets that we have created. The first dataset (Dataset 1) is created from cinemato-
graphic video shots. Dataset 1 consists of training dataset and testing dataset. The
training dataset size is selected by analysing the classification performance on dif-
ferent sizes of data. Figure 5.4.1 shows the learning curves on the training data and
the cross validation data. As it can be seen, with the increasing size of the train-
ing data, mean error rate is decreasing and eventually comes to an optimal state.

From this analysis, we select the optimum size of training data size from each class
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Figure 5.4.1: Training dataset size selection by analysing the classification
performance on different dataset size from each shot class. For this experiment
k =10 and n = 5 are used.

to train the SVM classifiers. There are 425 shots finally taken (85 shots from each
class) from three Hollywood films (The Proposal, Mission Impossible II and The
Terminal). In order to create testing data, the shots are taken from three other Hol-
lywood films (The Lord of The Rings I, A Beautiful Mind and Hotel Rwanda). The
detailed breakdown of the testing data in Dataset 1 is given in Table 5.4.1. Figures
5.4.2 (a) - (e) show examples of different shot types in Dataset 1.

Table 5.4.1: Detailed breakdown of the testing data in Dataset 1. Dataset 1
is collected from Hollywood films.

‘ static ‘ pan ‘ tilt ‘ zoom ‘ other ‘

no. of | 1623 | 229 | 97 88 396
shots

Another dataset (Dataset 2) is created from soccer game video. In sports videos,
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e e

(a) static shot

(d) zoom shot

(e) other shot

Figure 5.4.2: Examples of video shot classes in Dataset 1. Each sub-figure
contains the 1st, one of the intermediary and the last frames. The right image
of each sub-figure represents the overall motion trajectory (the origin is the
starting point). Zoom shot contains four motion trajectory as using one figure
it is not possible to represent overall motion trajectory of a zoom shot.
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particularly in soccer videos, panning directions have an important clue of index-
ing. Panning directions are used to identify the attacking team in an attack shot.
Therefore, panning preserves some degree of semantics in sports videos. Based on
the panning directions, pan shots can be sub-divided into pan-left and pan-right
subclasses. Video shots which cannot be classified according to the definition are
tagged as other shots. Similar to Dataset 1 preparation, we create a training set
by analysing the learning curves. We form the training dataset consisting of 150
shots (50 shots from each class) from two soccer videos (Korea vs. Germany and
Japanyvs. Italy). Then, for testing the classification performance, a testing dataset is
created. The shots are taken form three soccer videos (Manchester United vs. Tot-
tenham, Chelsea vs. Liverpool and Korea vs. Kuwait). The detailed breakdown of
the testing data in Dataset 2 is given in Table 5.4.2. Figures 5.4.3 (a)-(c) show ex-
amples of different shot types in Dataset 2. Both datasets are manually segmented
and labelled.

Table 5.4.2: Detailed breakdown of the testing data in Dataset 2. Dataset 2
is collected from soccer game videos.

’ ‘ pan left ‘ pan right ‘ other ‘

’no. ofshots‘ 824 ‘ 751 ‘ 398 ‘

While extracting features from a video shot, we set the MB size to be of 16 X
16 pixels. The size of k and # is crucial for overall performance of the proposed
method. Smaller size of k unstable overall MVI determination procedure because

of noisy/random motion. On the other hand, a bigger size of k includes multi-
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(c) other shot

Figure 5.4.3: Examples of video shot classes in Dataset 2. Each of the sub-
figure contains the 1st, one of the intermediary and the last frames. The right
image of each sub-figure represents the overall motion trajectory (the origin is
the starting point).

ple camera motion in the MVI determination procedure which makes it difficult
to identify the true MVI. Similarly, size of n also affect the overall performance
of the proposed method. In order to determine the optimum size of k and n, the
values are set experimentally based on the classification accuracy rate on Dataset
1. The accuracy rates are measured by using different k and n values and the best
performing values are set for the rest of the experiment. Figure 5.4.4 shows the
classification accuracy rates based on experiment. According to the performance,
we set k = 10, and n = 5. The consistency and significance threshold selection
is also important to achieve the best performance of the proposed method. The

thresholds 7, and 7, are also set experimentally. Figure 5.4.5 shows the classifica-
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tion accuracy rates based on the experiments conducted on Dataset 1 for changing
thresholds settings. As it can be seen, for 7, = 1.5and 7, = 0.35, we have achieved
the optimum results. In the proposed camera motion histogram descriptor, the lo-
cal region features mainly describes the camera motion of the correspondinglocal
region. To determine the effectiveness of different local regions’ motion descrip-
tor, a feature selection experiment is conducted. Figure 5.4.6 shows f,-scores on
different feature set extracted from Dataset 1. As it can be seen, with the changing
size of the training data size, the f,-scores using four corner regions outperforms the
rest. Accordingly, instead of considering all the local features, we only consider the
features from the prime corner regions (top left, top right, bottom left and bottom
right) in rest of the experiments. From all four corner regions, we compute their

features and put them sequentially to obtain the shot-camera motion descriptors.

0.94 0.94
B
g 9
5 £0.93
80.93 g
- i .-
k=s k=10 k=15 k=20 n=3 n=§ p=8§ N=10 N=13

(a) (b)

Figure 5.4.4: Classification accuracy measurement on Dataset 1. (a) Average
classification accuracy for a changing k values and keeping n = 3,5 and 8 and
(b) average classification accuracy for a changing n values and keeping k = 5, 10
and 15. For both of the case 7, and 1, are set to 1.0 and o.5 respectively.
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0.85

accuracy

Figure 5.4.5: Classification performance using different threshold values in
Equation (5.3). As it can be seen, the best classification accuracy is achieved
by using 7, = 1.5 and 7, = 0.3s.
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Figure 5.4.6: Shot classification performance based on different feature sets.
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5.4.2 SVM CLASSIFICATION

In this chapter, we adopt One-Against-One approach for video shot classification.
The effectiveness of One-Against-One approach has been presented in [142]. To
summarise the One-Against-One multi-class SVM, let us assume that we have n
training data in d dimensional space belonging to m classes {x', '}, x € R, i=
1,...,n, ¥ € {1,...,m}. This approach constructs m(m — 1) /2 classifiers us-
ing the training dataset. Each of the classifier is obtained by using the training data
of the corresponding two classes. For class i and class j, the binary classification

problem is formally written as:

min (i (Wij>Twij +C Z Szt] (Wij>T)

w,],b,}v,fij
i : .8
(WiJ‘)T‘F’(xt) +b; >1— -ffj(w,-j)T, ify' =i (5.8)

(w5) 9 () + by < =1+ &(wy) ", ify" = j

where Sf] is a non-negative slack variable, ¢(x') is a function to map «’ into a higher
dimensional space and C is the penalty parameter. By minimising * (w;) w;, we
want to maximise the margin, m , between class i and class j. The penalty term
C>, ff] is used to reduce the number of training errors for linearly non-separable
cases. The goal is to find an optimal separating hyperplane by obtaining a balance
between the regularisation term m and the training errors. To improve the sep-

arability, the data are mapped into a higher dimensional dot product space using a

kernel function K(«', #/). One of the such functions is radial basis function (RBF)
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and is used in this work. The RBF kernel is expressed as

K(, ) = el (59)

where 7 is the width control parameter. The accuracy of the SVM classification
depends on the values of two parameters C and y. Careful selection of these two
parameters is important otherwise the classifier may perform poorly in the testing
phase. A cross-validation approach is commonly used to determine the best pa-
rameters. We find the best penalty parameter C from the range {275, 27%, ..., 24}
and width control parameter y from the range {27>,27",...,27}.

Once the training is accomplished, the testing is done using the voting strategy
called “Max Wins”, proposed in [154]. In summary, for each comparison given
data x, the sign of ((w;;)"@x + b;) indicates the class of belonging. If the sign indi-
cates that x belongs to class i, then the vote of class i is increased. Otherwise, the
vote of class jis increased. At the end, the class with maximum vote is declared as

the class of x. In case of draw, lowest index class is considered as the winner.

5.4.3 EVALUATION

The performance of the proposed descriptor is evaluated by using SVM classifier.
For both datasets, the effectiveness is shown by using confusion matrix and by
computing recall, precision and f,-score rates. Although there are wide variety of
shot classification methods proposed in the literature, we choose [2] and [3] to be
compared with our results with due to the direct relevance of the classified classes.

In Dataset 1, cinematographic shots are classified into 5 classes: static, pan, tilt,
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zoom and other. The SVM classifier is trained using the training dataset of Dataset
1 and the performance is evaluated using the testing dataset. Table 5.4.3 shows the
confusion matrix of the shot classification performance on Dataset 1. The recall,
precision and f,-score rates are reported in Table 5.4.4. As shown in the table, the
correctly classification performance is reasonably high. We compare the perfor-
mance of shot classification with two existing approaches. In [2], video shots are
classified into static, pan, tilt and zoom classes. Although the achieved classifica-
tion accuracy is very high, their own created dataset size is very small (consisting
of 45 shots only). Another approach is reported in [ 3] where video shots are clas-
sified into three classes (pan, tilt and zoom) based on camera movements. In this
case, the authors used a dataset of only 32 MPEG-1 video sequences, which is also
considered as a very small data set. In order to prove the effectiveness of our ap-
proach, we have created Dataset 1 with reasonably and significantly bigger number
of shots. Shot classification results are compared with [2] and [3]. Figure 5.4.7
shows the recall, precision and f,-score comparison. The average recall and preci-
sion rates of [2] are 89.29% and 88.0% respectively and rates of [3] are 97.66%
and 90.03% respectively. As the datasets used in [2] and [3] are not made avail-
able for public access, we cannot directly compare our results with the results using
the two methods. However, our results demonstrated above have been promising
and consistent. The average recall and precision rates of the proposed method are
93.6% and 89.8% respectively. Moreover, we also compare the f,-scores which
shows consistency of the classification performance. The average f, scores of [2]

and [3] and the proposed method are 88.08%, 93.62% and 91.52% respectively.
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Although the proposed method could not outperform the other two methods, the
performance of the proposed method is considered as more acceptable because
of the higher complexity level of our datasets. The difficulty level of [2] and [3]
are considered at a minimal level. The data used in [2], consists of indoor shots
only. In [3], no specific description was given about the dataset (except they used
32 MPEG video sequence). Compare to their datasets, our datasets are richer in
motion content. The shots consist of wide range of shooting sets with complex
camera motion. The cinematographic shots are often captured with the help of
advanced tools (e.g., truck, crane and dolly) and technologies. Such things help
the directors to enjoy more freedom to capture shots than sports, news and home
videos. As a consequence, the cinematographic shots contains more complex cam-
era motion patterns. In a summary, our created Dataset1 is not only large datasets,
but also contain wide range of complex camera motion. Considering this fact, the
performance of our approach is considered as consistent can be applied in any pro-
fessionally captured video indexing purpose.

To justify our claim, the performance of shot classification is further evaluated
using Dataset 2 to show the consistent performance of our approach in another
type of videos - sports videos. After training the SVM Classifier using the training
data of Dataset 2, the performance is evaluated using the testing data of Dataset 2.
The confusion matrix is reported in Table 6.3.4 and recall, precision and f,-score
performance are given in Table 5.4.6. As shown in these two tables, the classifica-
tion performance is again promising on this very different dataset from Dataset 1.

According to the experiment, it is clear the capability of the proposed descriptor.
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It can perform effective classification on any camera motion dataset by training the

from the desired classes.

Table 5.4.3: Confusion matrix of shot classification using Dataset 1. Values
within the parenthesis indicate the number of shots.

’ ‘ static ‘ pan ‘ tilt ‘ zoom ‘ other
static (1623) 0.94 (1520) 0.01 (19) 0.00 (8) 0.00 (6) 0.04 (70)
pan (229) 0.00 (1) 0.93 (213) | 0.00 (1) 0.00 (0) 0.06 (14)
tilt (97) 0.00 (o) 0.00 (o) 0.92 (89) 0.01 (1) 0.07 (7)
zoom (88) o.01 (1) 0.01 (1) 0.00 (0) 0.93 (82) | 0.05(4)
other(396) 0.03 (10) 0.00 (1) 0.01 (3) o.oo(1) 0.96 (381)

Table 5.4.4: Recall, precision and f,-score measures of shot classification per-
formance using Dataset 1.

‘ static ‘ pan ‘ tilt ‘ zoom ‘ other ‘

recall
precision

fi-score

0.94 | 0.93
0.99 | 0.91
0.96 | 0.92

0.92 | 0.93
0.88 | 0.91
0.90 | 0.92

0.96
0.80

0.87

Table 5.4.5: Confusion matrix of shot classification using Dataset 2. Values
within the parenthesis indicate the number of shots.

’ ‘ pan left ‘ pan right ‘ other ‘
panleft (824) | 0.97(798) | 0.00 (4) 0.03 (22)
pan right (751) | 0.00(2) 0.96 (720) | 0.04 (29)
other (398) 0.05 (18) 0.06 (24) 0.89 (356)
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Figure 5.4.7: Video shot classification result comparison with [2], [3]. (a)
Recall rate comparison, (b) Precision rate comparison, (c) f,-score comparison.
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Table 5.4.6: Recall, precision and f,-score measures of shot classification per-
formance using Dataset 2.

’ ‘ pan left ‘ pan right ‘ other ‘

recall 0.97 0.96 0.89
precision 0.98 0.96 0.87
fi-score 0.97 0.96 0.88

5.5 SUMMARISATION

In this chapter, a novel non-parametric camera motion descriptor has been pro-
posed. Using the proposed method, videos are classified according to the basic
qualitative camera motion patterns. In order to do that, firstly, the temporal qual-
itative camera motion has been characterised using a series of compactly repre-
sented vectors. Then, the local camera motion of a video shot is described using a
number of histograms. Finally, by combining the local histograms, overall camera
motion patten of a video shot is described. One main advantage of the proposed
descriptor is its versatility. Any particular camera motion type can be detected by
training the classifier to identify that particular camera movement. We have evalu-
ated the performance of the proposed descriptor and compared our approach with
two existing approaches. It has been demonstrated that the proposed descriptor
has a strong capability to effectively discriminate different types of camera move-
ments on different types of videos. The proposed approach performs robustly on
the video shot where the background is visible. However, in a extremely close-up
video shot case, most of the background is hidden by an object and the proposed

method fails to classify the shot to the true camera motion class.
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The whole problem with the world is that fools and fanatics
are always so certain of themselves, and wiser people so full of
doubts.

Bertrand Russell

Application of CAMHID in
Cinematographic Shot Classification

6.1 INTRODUCTION

IN THIS CHAPTER, WE EXTEND CAMHID to perform the cinematographic shot
classification task, which involves classifying cinematographic shots into the film
directing semantic classes. In order to do that, we extend the feature space by ex-
tracting more features which considers the depth of a shot. In the following, we
first describe the cinematographic shot framework and describe the directing se-
mantic classes. We also discuss the need of additional features which enhance the
discriminating capability in cinematographic directing semantic classes.

The contribution of this Chapter is as follows.

126



Chapter 6. Application of CAMHID in Cinematographic Shot Classification

« We extend the CAMHID features using the existing MVI to incorporate the

rough depth information.

« Weinvestigate the performance of proposed camera motion descriptor along

with a set of additional features in cinematographic shot classification.

6.2 FEATURES EXTRACTION FOR CINEMATOGRAPHIC SHOT CLAS-

SIFICATION

Film making is completely based on the film making grammars. The directors
heavily apply these film making grammars on every single cinematographic shots.
The directors’ main intention is to visualise the screenplay by capturing a cine-
matographic shot through a set of camera motions and a set of viewpoints. Captur-
ing grammatically correct cinematographic shots ensures the viewer attentions on
the predetermined actor(s), object(s) or place(s) based on the screenplay (hence-
forth, we will use ‘object’ and ‘actor’ interchangeably). According to [4], two of

the major issues which determine the viewer attentions are as follows.

« Cameraoperation: aset of well defined camera operations are routinely per-
formed to ensure the presence of different actions from the object of interest
on the view plane. The camera operation is a strong indication of the cat-
egories of happening from the directing point of view. For example, static
shots are often used to display the emotion of the actors or panning shots are

often used to make sure the presence of object of interests on a view plane.
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« Camera distance: The size of the objects of interest on a view plane carries
different semantics from the direction sense. In cinematography, wide shots
are often used to relate the object of interest with the surrounding environ-
ments while close-up shots are often used to display the emotional aspects

on the actor’s faces.

Based on these two issues, the construction of a taxonomy of the cinemato-
graphic directing semantics is discussed in the following. In directing semantic
classes, the quality of camera operation and camera distance are more important
than their quantity. For example, the differentiation between a slow zooming and a
fast zooming is a subjective matter and quantitative measurements can be another
research topic. Hence, in this chapter, we only consider the qualitative camera
motion and distance. The relationship of the camera motion and object distance
is important in directing semantic classes. The presence of a focused object makes
the viewers feel like they are tracking the object. For example, a panning shot with
afocused object gives a feeling to the viewers that the viewers personally track the
object. However, without any focused object, a panning shot simply introduces a
place to the viewer. In cinematography, this type of shots is only used to establish
a new setting influencing viewers’ mind. Scene composition is another aspect of
cinematography which handles different issues such as distance of camera, cam-
era angle and light. Among them, distance of camera is crucial as it determines the
degree of emotional involvement of a viewer. In movies, we often see that highly
emotional scenes are presented by using close-up/medium shots. Long distance

shots are used to establish the context of a focused object. For the task of cinemato-
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graphic shot classification, we group close-up and medium shots into one class as it
is not easy to distinguish the purposes of using these two types of shots. In a wide
range of movies, the use of close-up and medium shots are very similar for similar
emotional shots. However, long shots are mainly used for contextual tracking and

contextual establishments.

6.2.1 CINEMATOGRAPHIC DIRECTING SEMANTIC CLASSES

In Chapter 1, cinematographic directing semantic classes are classified which in-
clude stationary, contextual-tracking, focus-tracking, focus-in, focus-out, estab-
lishment, and chaotic shots. Stationary shot (S) comprises a significant portion
of cinematographic shots. This type of shots is mainly used in dialogue shots. This
type of shots contains minimum amount of camera movements to concentrate
the viewer attentions on the actor’s activities. Figure 6.2.1(a) shows an example
of static shots and the corresponding CAMHID features. In this particular case,
as it can be seen, the shot is captured by focusing on the actress using close-up
shot while the camera movement remains almost static. Tracking shots are the
one which are captured by focusing on object(s) and follow along the direction of
the movement of the object(s). This type of shots is used to closely relate viewers
to the objects [21]. It makes viewers feel like they are following the objects. Be-
cause of its own characteristics, tracking shots are considered as an important shot
class. There are two types of tracking shots used in cinematography. Contextual
tracking (CT) shots which establish a relationship of an object with the context

by capturing a bigger picture of the scene. The focused object is captured using a
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long shot so that the object looks smaller but provides scenic detail of the shoot-
ing set by using panning camera movements. Figure 6.2.1(b) shows an example of
contextual tracking shot along with its CAMHID feature where the actress is being
shot with a clear indication of the context (cityscape view). Focus tracking (FT) is
another variant of tracking shots which provides a closer view of the objects. The
intention behind taking this type of shots is to focus on the closer detail of the ob-
ject while tracking. Figure 6.2.1(c) shows an example of focus tracking shots along
with its CAMHID features. In cinematography, focus-in (FI) shots are captured
in two ways. Firstly, zooming in by shortening the focal length of the camera lens
and secondly, moving the camera to the object to shorten the camera distance for
a closer view of the object. Both of these are mainly used to provide a greater detail
of a focused object to highlight some important detail. Figure 6.2.1(d) shows an
example of focus-in shot, where the object is getting bigger by changing the focal
length. Focus-out (FO) shots are used to detach emotional involvement of the
viewers from an object or relax the viewers by changing the viewing space. This ef-
fectis usually achieved through zooming out or dolly out shots, as the camera grad-
ually moves away from the subject and creates emotional distance. Figure 6.2.1(e)
shows an example of focus-out shot and its CAMHID features. The shot was cap-
tured by changing the position of camera distance.Establishment shots (ES) form
another important directing semantic class which is used in cinematography. This
type of shots is used to introduce a location to establish a relationship with the
following sequence of shots. This type of shots is often taken by panning the cam-

era without focusing on any particular object. Figure 6.2.1(f) shows an example of
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establishment shots and the corresponding CAMHID features. Chaotic shot(C)
are characterised by the chaotic movement of the camera to follow an object or an
object action. Chaotic shots are the ones which cannot be characterised as any-
one of the above mentioned classes. Generally, a random camera motion happens
due to focusing on an object’s random motion. In order to represent fast action
(or motions), directors apply this technique. In this shot type, it is not usually for
the fast moving object to dominate viewer attention. Such shots are usually used
to represent thrills and used more often in action films. Figure 6.2.1(g) shows an

example of chaotic shots and its CAMHID features.

6.2.2 FEATURE EXTRACTION FROM CINEMATOGRAPHIC SHOT CLASSES

The far right column of Figure 6.2.1 shows the CAMHID features of each camera
motion type. Figure 6.2.1 (a) shows an example static shot and the corresponding
CAMHID which combines the features from the four prime corner regions. As it
can be seen, histogram bins regarding no motion have more counts than the rest.
Similarly, in other corresponding CAMHIDs, only camera motion information
is incorporated. Although CAMHID is capable of describing the camera motion
efficiently, it has a limitation to represent the camera distance of the cinemato-
graphic directing semantic classes. As mentioned, camera distance is another im-
portant characteristics to be considered for classifying cinematographic shots. In
this section, we extend the features representing the depth to overcome that lim-
itation. The additional set of features is extracted from the readily available MVL

As the corresponding MBs of MVIs roughly represent the regions which preserve
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Figure 6.2.1: Cinematographic directing semantic shot classes and the corre-
sponding CAMHID are shown in (a) - (g). The left column represents the first
frames of the shots. Second column shows an intermediate frame of each shot.
The third column represents the last frame of each shot. The right column
shows the camera motion histogram descriptor by combining the local camera
motion features on the four corners. The four corner local regions are identified
on the last frame in (a) and the corresponding local histograms are identified in
the corresponding CAMHID.
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the camera movement, computing the ratio of the local MVI regions estimates
the rough local depth. In order to do that, for each MVFEp7q) ,Vp € {1,2,3},
Vg € {1,2,3}and Vi € {1,2,...,m}, we count the number of MVIs belonging

to each local region (mvi’tx ) € MVF(p 9 ). Formally, we write:

Cipg) = Z m"ii(x,y) < MVFG,q) (6.1)

where, C, ) is the count of the number of MVI present in the local region (p, g) for

the entire shot. Then, local counts are normalised. Formally, we write as follows.

Cip) = Clp)/ (v % 1) (6.2)

where, v is the number of possible motion vectors in a video frame and ¢ is number
of frames in an input video. The normalised features along with CAMHID is the
feature vector used for classifying directing semantic classes of cinematographic

shots. In the next section, we show the effectiveness of our proposed features.

6.3 EXPERIMENTAL RESULTS

To show the performance of the proposed camera motion histogram descriptor
and its extension, the features are experimented and evaluated in this section. To
do that, we evaluate the classification performance on directing semantic classes
of cinematographic shots using a dataset. Then, we compare the results with the
state-of-the-art methods available in the literature. The dataset consists of training

and testing sets and the performance is evaluated based on the precision, recall and
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fi-scores on the testing datasets. The following subsections describe the detail of

evaluation procedure.

6.3.1 DATASET PREPARATION AND FEATURE EXTRACTION

To evaluate the classification performance of the proposed CAMHID and its ex-
tension, we conduct experiments on our own created dataset.

The dataset (Dataset 3 ) is created based on the directing semantic classes of cin-
ematographic shot. Similar to the Datasets created in Chapter s, we label a training
set and a testing set manually. For training the SVM classifiers, we create training
data from five Hollywood films (Mission Impossible II, The proposal, The Mummy
Returns, Hotel Rwanda and The Terminal). Then, for testing the classification per-
formance, a testing dataset is created. The shots are taken from five Hollywood
films. The numbers of shots taken from different movies are given in Table 6.3.1

and detailed breakdown of each shot type in the testing data is given in Table 6.3.2.

Table 6.3.1: Detail of testing data in Dataset 3

Film Title Number of Shots Taken | Total Duration
The King’s Speech 1853 118 min
Lord of The Rings I 1538 99 min
Kids are Alright 717 48 min
Mission Impossible II 564 33 min

A Beautiful Mind 886 58 min
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Table 6.3.2: Detailed breakdown of the testing data in Dataset 3.

S CT | FT FI | FO E C

no. of shots | 2110 | 452 | 912 | 190 | 39 | 180 | 1675

€n,0

% 37.96 | 8.13 | 16.41 | 3.42 | 0.70 | 3.24 | 30.14

6.3.2 SVM CLASSIFICATION

As in Chapter s, In this chapter, we use One-Against-One SVM technique for cin-
ematographic shot classification. To summarise the One-Against-One multi-class
SVM, let us assume that we have # training data in d dimensional space belonging
tocclasses {x,y'}, x €R? i=1,...,n, y € {1,...,c}. Thisapproach
constructs c(c — 1) /2 classifiers using the training data. Each of the classifier is
obtained by using the training data of the corresponding two classes. For detail
explanation of SVM classification used in this chapter, please refer to SVM clas-
sification in Chapter §. In this chapter, kernel selection is made experimentally.
In the experiments, we consider three kernels, namely polynomial, sigmoid and
RBF kernels. For each of the kernels, precision and recall rates are measured in
3-fold and s-fold cross validation settings. Table 6.3.3 shows the experimental re-
sults. As it can be seen, RBF kernel turns out to be the best performer in this ex-
periment. Therefore, we select RBF kernel for conducting the rest of experiments.
The accuracy of SVM classification depends on the values of two parameters C
and y. Careful selection of these two parameters is important. Otherwise, the
classifier may perform poorly in the testing phase. A cross-validation approach is

commonly used to determine the best parameters. We find the best penalty pa-
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rameter C from the range {275,274, ..., 2'°} and width control parameter y from

the range {277°,27", ..., 2%}
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6.3.3 EVALUATION

The performance of CAMHID descriptor and cinematographic features are evalu-
ated in this subsection. The effectiveness is shown by using confusion matrix and
by comparing recall rates, precision rates and f, scores.

The performance of shot classification is evaluated using Dataset 3 to show the
ability of CAMHID and extended features in classifying cinematographic shots
into the directing semantic classes. After training the SVM classifier using the
training data of Dataset 3, the performance is evaluated using the testing data of
Dataset 3. The confusion matrix is reported in Table 6.3.4. It is found that station-
ary shots are mostly confused with chaotic shots. This kind of misclassification
mainly happen due to the threshold applied. This happens due to a small magni-
tude differences which fall near the borderline of motion magnitude. However,
the amount of wrong classifications is at a minimum level. Focus tracking shots
and contextual tracking shots introduce another level of confusion. Since the es-
tablishment shots also have similar motion patterns, this shot type also introduces
additional confusion in classification. Although there is a level of confusion, the
classification results using the proposed method are still promising. Table 6.3.5
shows the detailed classification performance using recall rates, precision rates and
fi-scores. To evaluate the performance of our proposed method, we compare the
results with state-of-the-art methods described in [4]. Figures 6.3.1 shows the per-
formance comparison of our method with the methods described in [4]. In [4],
the authors proposed two methods to classify cinematographic shots into direct-

ing semantic classes. The first method classifies the shots with occlusion handling
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(OH) mechanism and the second method does so without occlusion handling
(WOH) mechanism. As it can be seen in Figure 6.3.1 (a), the recall rate of our
method for all the classes is higher than the results using the state-of-the-art ap-
proach. Although for most of the classes, precision rates using our method are
higher than those using the method shown in [4], for other classes our precision
rates show much lower rates than the state-of-the-art. To show a fairer comparison,
Figure 6.3.1(c) demonstrates the comparison results of f;-scores. It is shown that,
the proposed method has higher f,-scores for the classes except contextual track-
ing and focus-out classes. The average f,-scores of [ 4] with occlusion handling and
without occlusion handling are 83.03% and 81.55% respectively. However, it turns
out that the average f,-score of the proposed method is 85.02% which is higher
than the other two methods.

Table 6.3.4: Confusion matrix of shot classification using Dataset 3.

S CT FT FI FO E C

S 94.22 0.57 0.71 0.57 0.28 0.57 3.08

CT 0.44 | 87.61 5.53 1.55§ 0.88 3.10 0.88

FT 0.88 8.00 | 88.16 0.66 0.55§ 0.66 1.10

FI 0.53 2.11 1.05 | 91.58 0.53 3.16 1.05§

FO 0.00 2.56 2.56 0.00 | 92.31 0.00 2.56

E 0.00 2.22 0.56 1.67 0.00 | 94.44 1.11

C 1.55 1.07 3.04 2.03 0.66 1.31 | 90.33
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Table 6.3.5: Recall (R), precision (P) and f, score (f,) measures of shot classi-
fication performance using Dataset 3.

S CT FT FI FO E C

94.22 | 87.17 | 88.16 | 88.95 | 89.74 | 94.44 | 90.33

g

98.08 | 77.87 | 89.23 | 72.53 | §5.56 | 73.91 | 94.68

f1 96.11 | 82.26 | 88.69 | 79.91 | 68.63 | 82.92 | 92.4§

6.4 SUMMARISATION

In this chapter, the application of CAMHID features is experimented using the
features set. The camera motion has been characterised by analysing the extracted
raw motion vectors in the temporal domain. The temporal characterisation of the
camera motionsis then described by using a histogram, which combineslocal cam-
era motion characterisation features. We have applied the proposed technique to
classify cinematographic shots by extending the feature space. In the feature ex-
tension part, we consider the depth of the scene which is considered as one of the
most important characteristics in cinematographic shot directing semantic classes.
We have applied the motion descriptor with the extended feature on a separate
dataset where shots are to be classified into directing semantic classes. We have
evaluated and compared the performance of the proposed descriptor with state-
of-the-art approaches. It has been demonstrated that the proposed descriptor has
a strong capability to effectively discriminate different types of camera movements

and shot types.
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The pessimist sees difficulty in every opportunity. The optimist
sees the opportunity in every difficulty.

Winston Churchill

Video Copy Detection Using CAMHID

7.1 INTRODUCTION

RECENTLY, VIDEO COPYRIGHT INFRINGEMENT is an important issue and identify-
ing video copy has become an important research topic. Copyright video materials
are often duplicated without permission. Duplicate videos are created using dif-
ferent transformations and/or pixel modification methods. Generally, duplicate
videos are recognisable. In order to detect a copied video in a video database, fea-
tures are extracted from a query video and passed to a copy detection algorithm
to identify the copied video. In this chapter, we demonstrate the capability of
CAMHID for video copy detection. The overall procedure is taken place in two

steps: 1) identifying videos having similar motion contents using the CAMHID
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using Earth Mover’s Distance (EMD); 2) detecting video copies from the videos
identified in step 1 through motion characteristics matching using Hamming dis-
tance.

The proposed technique is a robust method to detect video copies. It also works
efficiently by narrowing down the search space significantly. First of all, the search-
ing space is narrowed down by classifying the query videos into one of the basic
camera motion classes. Then, the searching space is further narrowed down by
measuring motion pattern similarity using EMD. EMD is well recognised for its
robustness to measure the similarity between two distributions. Finally, the tem-
poral similarities between the query video and the candidates are measured using
Hamming distance.

The contributions of this chapter are as follows.

« We propose a novel motion content based similarity measuring technique

to retrieve most similar videos in video databases.

« An efficient CAMHID based video copy detection technique is proposed

to detect video copies in video databases.

The state-of-the-art of video copy detection is discussed in section 7.2. After
that, the detail of the proposed techniques and experimental results are described

in the following sections.
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7.2 BACKGROUND

Content based video copy detection works can be summarised into two broad
categories: fingerprint based and sequence matching based methods. The finger-
print based techniques mainly extract a fingerprint to represent a video sequence.
Fingerprints or video sequence descriptors are used to identify copied video se-
quences by measuring the similarity between video fingerprints. Sequence match-
ing techniques match temporal signatures to identify copied video sequences.
Fingerprints are widely used for content based image retrieval which is also be-
ing applied for video copy detection. Such fingerprints are extracted from the
video frames or from a keyframe of a video [ 155-158]. Fingerprint extraction for
video copy detection can be classified into four categories, namely colour space
based, temporal, spatial, and spatio-temporal feature based fingerprints [ 159]. Col-
our space based fingerprints are based on the statistics of the different colour spaces.
Mostly, they are represented using histograms of colours of a region within a video
frame. Since the colour of a video can be easily modified without being detected
easily, this approach is not popular in practice. Moreover, this approach cannot be
applied for the copy detection of gray-scale videos. In many applications, instead
of colour, the luminance of a video frame is used for feature extraction. Spatial
fingerprints are subdivided into two types, namely global and local fingerprints.
Global fingerprints contain global spatial properties of frames while local spatial
fingerprints represent local information using different segmentation methods. In

global fingerprint methods, it is poplar to apply ordinal measure based techniques
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[160-162]. In [161], video frames were divided into four (= 2 X 2) regions and
are ranked based on their intensities. Then, the rank matrix was considered to be
the fingerprint of a frame. A similar technique was proposed in [ 160]. Fingerprint
based techniques are fast in computation but suffer from lack of robustness.

Temporal fingerprints represent the temporal characteristics ofa video in a com-
pact manner [163]. In [164], a statistics based dissimilarity measure was used
between two video sequences. In [165], the longest common sub-sequence was
adopted for measuring temporal matching between two video sequences. In [ 166],
different distance measures were used for the descriptor. Sequence matching based
temporal fingerprints are often suffer from high computational load and lacks ap-
plicability for online video copy detection applications.

Similarity measure varies depending to query types and/or applications of video
retrieval. Accordingto [ 13 ], similarity measures canbe classified into feature match-
ing, text matching and ontology based matching. Feature matching techniques
measure the average distance between the low level features of two videos. Text
matching is another way for measuring similarity. In this case, the concepts of a
video are learned off-line. When a user presents a text query, the similarity of the
concept and the query is measured for retrieval. A higher value of the similarity
metric implies a closer similarity. The main disadvantage of this approach is that
learning a huge number of concepts from video is a very difficult problem. On-
tology based matching measures similarity using the ontology between semantic

concepts or the semantic relationship between keywords.
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7.3 PROPOSED VIDEO COoPY DETECTION METHOD

Video copy detection is a daunting task. In a real life video database, the total num-
ber of videos may exceed tens of millions and the amount of contents is ever in-
creasing. In this section, the proposed video copy detection method is described.
The proposed technique uses the CAMHID features described in Chapter s. First
of all, the CAMHID features are extracted from a query video in order to deter-
mine if it is a copied/pirated version of one of the videos in a video database. For
any video in a video database, the CAMHID features and temporal motion charac-
teristics are extracted offline and stored in a feature database. Efficient copy detec-
tion mechanisms should consider finding a video copy by reducing the searching
space in a video database. In order to do that, firstly we classify a query video into
one of the shot classes proposed in Chapter 5. By doing this, the initial searching
space greatly reduced. Upon query, the CAMHID features are extracted from the
query video to measure the similarity with the videos in the corresponding class.
In order to measure similarity, we use EMD. If the EMD between the query video
and a video in the corresponding class is less than a predefined threshold, then
the matched video will be used for the next step of similarity matching. In the next
step, the Hamming distance between the motion characteristics of the query video
and the motion characteristics of the selected video is computed. If the Hamming
distance is less than a threshold, then the query video is declared as a copy of the
matched one. Figure 7.3.1 shows the flow diagram of the proposed method. The

proposed method is described in the following. Firstly, we formulate the problem
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formally. Then, the detail of the similarity measure is described in the subsequent
subsections.

Input Video Shot | Video Shot Collection |

Motion Characterization and Motion Characterization and
CAMHID Extraction CAMHID Extraction

| Input Video CAMHID |

Feature Database

CAMHID
Similarity
Matching

Motion
Characteristics
Similarity

Matching

yes

Copy Video

Figure 7.3.1: Framework for motion content similarity based video copy detec-
tion.

7.3.1 PROBLEM FORMULATION

Let us assume that, we have a video sequence of m frames represented by V' =
{Vo, V1, - - . Vyu_, }, where v, represents i-th frame. A section of p frames of this video
sequence is denoted by Vi, ,_,j, where jis the starting frame and j+p —1indicates
the ending frame satisfying (j < m), (j + p —1 < m) and V}j;;;,, C V.

Let us again assume that, we have a query video of n frames denoted by Q =
{40, @, - - - Gu—r }- We claim that Q is a copy of video Vif the difference between Q
and Vj;;;;,_,), denoted by A(Q, V[;1,—), is at an acceptable level of dissimilarity,

where A() is a viable distance measuring function.
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7.3.2 DISSIMILARITY MEASUREMENTS

Asmentioned, when a query video is received by the copy detection system, firstly,
the queryvideois classified based on the classification technique described in Chap-
ter 5. Then, each video in the corresponding class has to go through two steps to
measure the dissimilarity. Firstly, the searching space is further reduced by mea-
suring the similarity between the query video’s and target videos’ CAMHID fea-
tures. The similarity is measured using EMD. We use this technique because of
its logical capability to measure the similarity between two distributions. Videos
with acceptable levels of similarity are taken for further consideration in finding a
video copy. Then, local motion characterisations are used to measure the tempo-
ral similarity between the query and each survived video. In this case, we measure
the Hamming distance for finding the dissimilarity to declare the query video is a
copy of the found video. In the following, we discuss about the earth mover dis-

tance and the Hamming distance measurements.

EARTH MOVER'S DISTANCE BASED SIMILARITY MATCHING

The earth mover’s distance (EMD) [ 167] is used to measure the cross-bin distance
between two distributions. Itis a measure that computes the minimal cost to trans-
form one distribution into another. In our proposed method, the similarity be-
tween the CAMHID of the query video and that of the target video is measured to
assess the rough motion content similarity. We assume that the CAMHID feature
of the query video is denoted by H, and the CAMHID feature of the target video

is denoted by Hy. We also assume that the length of the CAMHID feature is [. A
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histogram H of length [ is formally defined as follows.

H={(@,w):1<i<I} (7.1)

where, (i, w;) indicates the count of the i-th bin is w;. For measuring the transfor-
mation of a histogram to another histogram, the minimum flow is represented as

follows.

F = {(i,wsj,w;) : (i,w;) € H, (j,w;) € H}, (7.2)

where, (i, w;; j, ;) represents the bin weight flow from bin i to bin j.
Under the above representation, we want to convert H into Hy. Therefore, the

formal representations of the CAMHID features are as follows.

Hq = {i%,w! : (i, w]) € Ho}, (7.3)

and

Hy = {i’,w] : (i’,w]) € Hy}, (7.4)

where, (i1, w!) and (i, w") indicate the count of the %-th and i" bin are w! and w"
respectively. We need to compute the minimum cost for transformation of his-
togram H, into histogram Hy to measure the motion content similarity. In or-

der to do that, we normalise both of the histograms such that y , w! = 1and
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> w! = 1. The EMD to transform Hy, into Hy is as follows.

EMD(Hg, Hy) = min Dty dug (7.5)

T:{ti’f,w? gl (i1, ;j‘i,w?)EF}

Z(j"l,qu)EHQ tiq,w?;j‘i,w;? = HVi,wi V(iqa W?) € Hq
SEQ Y ameny trarpar = Ho,, V(' w!) € Hy (7.6)
tiswijy = O (i, wi; j, wj) €F
where T is a set of t; ,,, ; ., representing total flow from bin i to bin j and d;; indi-
cates the ground distance between bin i to bin j. The ground distance is defined as

follows.

dij = |G, w)" = Gw) "l (7:7)

Based on the above definition of EMD, we use the following equation for taking

a decision for further processing.

yes EMD(Hgq,Hy) < 7,
similar = (7.8)

no otherwise

If the above equation is satisfied, then the target video V'is passed to the next

level for a detailed similarity measure.
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HaMMING Di1STANCE BASED DI1SSIMILARITY MEASUREMENTS

After finding the similar video, the video copy is detected by computing the Ham-
ming distance. The Hamming distance is a measure to estimate the similarity in
the temporal motion characteristics. In order to do so, motion characteristics de-
scribed in Chapter s is used. Let us assume that the oriented angle of the compact
representation of the motion of a local region in a query video Q is denoted by
{G%J)}, where x € 1,2,3andy € {1,2,3} represent the coordinates of the local
region. Similarly, the oriented angle of the compact representation of the motion
of a local region in a target video V is denoted by {GZW) }, where x € {1,2,3}
andy € {1, 2,3} are the coordinates of the local region. The Hamming distance

between query video Q and the target video V/;;;,,) is measured as follows.

Viitr—1 _ gQ
L Y18y Oyl <

Sim(Qx,ya V[j:j—&-p—l]x,y) = (7-9)

o otherwise

IfEq. (7.9) is satisfied in a single local region, then it means that both video’s lo-
cal motion characteristics are the same. As each video is segmented into 9 (=3x3)
local regions, the similarities for all local regions are measured. Finally, we consider
the query video is a copied one if the video contains similar motion contents in at

least 7 out of 9 local regions.
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7.4 EXPERIMENTAL RESULTS

In order to measure the performance of the proposed video copy detection, in the

following, a detailed experimental procedure is described.

7.4.1 TESTING DATASET

We use TRECVID 2008 dataset for evaluating the performance of video copy de-
tection. This dataset contains 200 hours of videos from Dutch television program-
mes. This dataset has been used for the TRECVID 2008 video a copy detection
evaluation campaign. The dataset contains 134 positive query video clips and 67
negative query video clips. The query videos were transformed using ten different
transformation methods, namely camcording (CAM), picture in picture (PIP), in-
sertion of patterns (IoP), strong re-encoding (SRE), change of gamma (CG), pho-
tometric attacks (PA), geometric attacks (GA), 3 random transformations from
6/7 (3RT-6/7), s random transformations from 6/7 (sRT-6/7), and s random
transformations (sRT). As a result, a good number of query videos were prepared
to test the performance of the proposed video copy detection method. In our
method, we assume that the videos are segmented into frames. In the feature data-
base, the classified (i.e., static, pan, tilt and zoom) CAMHID features are stored
for a fast similarity measurements. Upon query, the query video shot is classified

and the similarity measurement is performed within the corresponding class.
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7.4.2 EVALUATION

In order to evaluate the quality of performance of the proposed method, the Nor-
mal Detection Cost Rates (NDCR) is used. NDCR integrates the cost of failing
to detect true positive and cost of including false positive. The lower the value of
NDCR is, the better the result is. A formal definition of NDCR can be found at

[ 168] which is summarized as follows.

NDCR = TN 4, P (7.10)
“ T I 7:10

where FN, TP, FP and LH are false-negative, true-positive, false-positive and length
in hour respectively. 7 is a constant. In our implementation, efa is set to o.s. Fig-
ure 7.4.1 shows the performance of our proposed method in comparison to the
method proposed in [169] and with the best results achieved in the TRECVID
2008 competition. We have not compared the results for picture in picture mod-
ificationas we have not addressed this problem in our proposed method. As it
can be seen in Figure 7.4.1, for photometric attack, our proposed method out-
performs the compared methods. For the change of gamma modification, our
proposed method is performing as good as the best result achieved in TRECVID
2008. For other modifications, although our method cannot beat the best result in
TRECVID 2008, our proposed method is performing a lot better than the method
proposed in [169].

Although the proposed method could not beat all of the state-of-the-art meth-

ods, our proposed method has added advantages. The proposed method is con-
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Figure 7.4.1: Video copy detection result comparison with the state of the art
methods.

sidered to be a fast solution for video copy detection task. As the searching space
is greatly reduced by using the camera motion classification and the CAMHID
similarity measurement, the proposed method can be used in a very large scale

database.

7.5  SUMMARISATION

In this chapter, we have proposed a method to detect video copy from a video
database. Firstly, searching space is reduced by classifying video into one of the ba-
sic camera motion calsses. Then, searching space is further narrowed by measuring
the similarity between respective video CAMHID features. In order to measure

the CAMHID similarity, we have used the earth mover’s distance. In the final step,

154



Chapter 7. Video Copy Detection Using CAMHID

we go through a detailed similarity measurement using temporal motion charac-
teristics. At this stage, we have measured the Hamming distance to identify a video
copy. According to our experiments, we have found that our proposed method is a
competitive one. Although our proposed method has not outperformed the com-
pared method, our method is considered as a fast video copy detection method for

alarge video database.
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Do the difficult things while they are easy and do the great
things while they are small. A journey of a thousand miles must
begin with a single step.

Lao Tzu

Conclusion

8.1 CONCLUSION

CINEMATOGRAPHIC SHOT CLASSIFICATION is a vital and a challenging task due
to various movie genres, different shooting techniques and many more shot types
than other video domain. Identifying motion content is useful for shot level se-
mantic analysis. Moreover, indexing such video shots in video databases may pro-
vide efficient solutions to many applications, such as semantic understanding of
movies, automatic movie editing for theme representation, constructing movie
structure for browsing movies, video summarisation, and movie genre classifica-
tion. Although movie shot classification has many potential applications, it has

not been addressed adequately. We have proposed three cinematographic shot
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indexing methods in this thesis. Aside from that, we have proposed a video copy
retrieval technique based on the motion descriptor technique proposed in this the-

sis. The summary of the thesis is presented in the following section.

8.2 SUMMARY

In Chapter 2, a detailed review of the related work is presented. At the beginning,
the detailed of the background and the generic state-of-the-art shot classification
were discussed. Then, the detail of the cinematographic shots classification task
was discussed.

In Chapter 3, we introduce the context saliency to measure the visual atten-
tion distributed in keyframes for movie shot classification. Different from tradi-
tional saliency maps, the context saliency map is generated by removing redun-
dancy from contrast saliency and incorporating geometry constrains. The con-
text saliency is later combined with colour and texture features to generate feature
vectors. Support Vector Machine (SVM) is used to classify keyframes into pre-
defined shot classes. Different from the existing work of either performing in a cer-
tain movie genre or classifying movie shot into limited directing semantic classes,
the proposed method has three unique features: 1) the context saliency signifi-
cantly improves movie shot classification; 2) our method works for all movie gen-
res; 3) our method deals with the most common types of video shots in movies.
The experimental results indicate that the proposed method is effective and efh-
cient for movie shot classification.

In Chapter 4, Among many video types, movie content indexing and retrieval
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are significantly challenging tasks because of the wide variety of shooting tech-
niques and the broad range of genres. A movie consists of a series of video shots.
Managing a movie at shot level provides a feasible way for movie understanding
and summarisation. Consequently, an effective shot classification is greatly de-
sired for advanced movie management. We explore novel domain specific fea-
tures for effective shot classification. Experimental results show that the proposed
method classifies movie shots from wide range of movie genres with improved ac-
curacies compared to the existing work.

In Chapter 5, we propose a non-parametric camera motion descriptor called
CAMHID for video shot classification. In the proposed method, a motion vec-
tor field (MVEF) is constructed for each consecutive video frames by computing
the motion vector of each macroblock (MB). Then, the MVFs are divided into a
number of local region of equal size. Next, the inconsistent/noisy motion vectors
of each local region are eliminated by a motion consistency analysis. The remain-
ing motion vectors of each local region from n consecutive frames are further col-
lected for a compact representation. Initially, a matrix is formed using the motion
vectors. Then, the matrix is decomposed using the singular value decomposition
(SVD) technique to represent the dominant motion. Finally, the angle of the most
dominant principal component is computed and quantised to represent the mo-
tion of a local region by using a histogram. In order to represent the global cam-
era motion, the local histograms are combined. The effectiveness of the proposed
motion descriptor for video shot classification is tested by using support vector

machine (SVM). Firstly, the proposed camera motion descriptors for video shots
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classification are computed on a video dataset consisting of regular camera motion
patterns (e.g., pan, zoom, tilt, static). We also show that our approach outperforms
a state-of-the-art video shot classification method.

In Chapter 6, we apply the camera motion descriptors CAMHID along with an
extended set of features to the classification of cinematographic shots. The exper-
imental results show that the proposed shot level camera motion descriptor has
a strong discriminative capability to classify different camera motion patterns of
different videos effectively. We also show that our approach outperforms state-of-
the-art methods.

In Chapter 7, the performance of CAMHID is evaluated in video copy detection
and retrieval tasks. In order to to that, video shots are firstly classified into one of
the camera motion classes. Then, a two step similarity measurement is conducted
to identify and retrieve the video copy. The proposed method is robust in identi-
tying video copy. Moreover, the speed of the proposed method makes it viable to

be applied in large scale video databases for identifying video copies.

8.3 FUTURE WORK

In this thesis, we only consider the quality of motion and quantity of motion is not
used at all. Quantity has also a good role to play in video indexing tasks. In future,
the quantitative analysis of camera motions is to be done which will also be useful
for a better camera motion descriptor. The proposed motion descriptor is useful
for professionally captured videos. In future, we will extend the motion descriptor

to form a generalised camera motion descriptor. Using such a descriptor, home
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videos can also be indexed. It will be interesting to see the performance of the
proposed descriptor in personalised video content analysis, video recommenda-
tion, and video summarisation. These are left for our future work. For video copy
detection, our proposed method cannot handle the problem if a copied video is

embedded in another video. In future, we will further investigate this problem.
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