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Abstract

The amount of multimedia content produced and made available on Intechigt professional and
personal collections is constantly growing. Equally increasing are thaésriederms of ef cient and
effective ways to manage it. This has led to a great amount of researatointent based retrieval and
visual recognition. In this thesis, we focus on ef cient visual conterdlgsis in images and videos.
Ef ciency has emerged as one of the key issues with increase in quantitgtaf Understanding of a
visual content has several aspects associated with it. One can cateamtrecognizing the inherent
characteristics of image (independent or from a video) like objectsesamh context. Searching for a
sequence of images based on similarity or characterizing the video ba#isd/isnal content could be
some other aspects.

We investigate three different approaches for visual content anaty#iés thesis. In the rst, we
target the detection and classi cation of different object and scenseadaas images and videos. The
task of classi cation is to predict the presence of an object or a speciens of interest in the test
image. Object detection further involves localizing each instance of thetginesent. We do exten-
sive experimentation over very large and challenging datasets with largbamnwf object and scene
categories in it. Our detection as well as classi cation are based on Randoestfeombined with
combinations of different visual features describing shape, appeam@nd color. We exploited the
computational ef ciency in both training and testing, and other propertié&aoidom Forest for detec-
tion and classi cation. We also proposed enhancements over our baseloed of object detector. Our
main contribution here is that we achieve fast object detection with accacesagarable to the state of
art.

The second approach is based on processing continuous streaneas tiddetect video segments
of interest. Our method is example-based where visual content to be detedtered is characterized
by a set of examples availabépriori. We approach the problem of video processing in a manner
complimentary to that of video retrieval. We begin with a set of examples (usgdexies in retrieval)
and index them in the database. The larger video collection, which needspimbessed, is unseen
during the off-line indexing phase. We propose an architecture basé&deodata structure and bag
of words model to simultaneously match multiple example videos in the database witiptiiéarge
video stream. We demonstrate the application of our architecture for the ftasktent based copy
detection (CBCD).

Xiii
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In our third and nal approach we apply pattern mining algorithms in videoshtaracterize the
visual content. They are derived out of data mining schemes for et @ealysis of the content in
video databases. Two different video mining schemes are employed; ibwet at detecting frequent
and representative patterns. For one of our mining approaches, evanusf cient frequent pattern
mining algorithm over a quantized feature space. Our second appreastiandom forest to represent
video data as sequences, and mine the frequent sequences. Weerpen broadcast news videos
to detect what we de ne agideo stop-wordsind extract the contents which are more important such
as breaking news. We are also able to characterize the movie videos Ibyatiatdly identifying the
characteristic scenes and main actors of the movie.

The ideas proposed in the thesis have been implemented and validated wigivexexperimental
results. We demonstrate the accuracy, ef ciency and scalability of all the tpproaches over large and
standrad datasets liIROC PASCALTRECVIQ MUSCLE-VCDas well as movie and news datasets.
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Chapter 1

Introduction

1.1 Introduction and Objective

The world is a rich and complex source of visual information, which is ofegriured as images and
videos. With the development of multimedia and proliferation of cheap equiprentaunt of visual
information available in digital form is growing at an exponential rate. It i®agding expeditiously
worldwide due to rapid distribution through internet (sites like Flickr, Youdatx). Millions of images
are indexed by Image search engines such as Google Images (claims 889) nRilisearch (claims 2
billion). Every minute, around 13 hours of video are uploaded to YouTwmeo has become widely
spread medium for serving entertainment, education, communication andpotipeises. In order to
cater to the needs arising from such databases and take advantagmotivanced techniques for
recognition, indexing, mining of such visual content become more and mowgtiamp. There is a need
to automatically extract high-level information from image or video. It can leedihjects contained
in an image or shot with or without its location, image and video search, semaatiaaterization of
videos etc. And it is very important to do these tasks ef ciently in order to rieziuser demands.
Some examples of sources of visual data are shown in Figure 1.1.

Computer vision methods and speci cally visual recognition along-with dfierindexing tech-
nigues, can help to cope with the increasing size of video and image collectignal image analysis
and recognition has been a subject to research by many people in lasar ynitially much of re-
search in visual recognition was focused on 2D pattern classi catiorad@ily methods based on
learning global appearance [97, 112, 126] and geometric invaridi2de 145] came up. This methods
were sensitive to clutter, occlusions and object articulations and had limitgidagility. Limitations
of global features were overcome with the advent of local features/gQaL27].

Bag-of-words model has a long history of success in document rdtriavait was not until the
idea of a visual vocabulary emerged [137], that it was possible to brisgibdel to vision. Since
then great progress can be seen in the area of visual recognitidenttased retrieval, image/video
understanding in general. Different Bag-of-words feature detecagombined with modern machine



(c) Movies (d) Broadcast video

Figure 1.1 Examples of different sources of visual data: images containing objedtscenes (top and
middle); and movie and broadcast videos (bottom)

learning techniques led to excellent performance [29, 111, 135] tecten, retrieval and other visual
recognition tasks.

Other than learning based methods for recognition, many indexing teclsriigue been proposed for
image and video retrieval/search. Some of the successful indexing seli@mmeultimedia collections
include LSH [63], min-hash [27, 28], pyramid match hashing [54], votaly forest [171], etc. Content
based image and video retrieval has bene tted by incorporating bettdrdeseriptors, local invariant
region detectors, indexing methods from visual recognition and textvatremmmunities. Region
detectors include DoG (Difference of Gaussian), LoG (Laplacian afsGian), MSER, Harris Af ne,
Hessian Af ne (see [92] for details). SIFT [84], PCA-SIFT [68]URBF [14] and DAISY [146] are the
more popular descriptors. Along with Bag-of-words model these fedseriptors have been used for
variety of tasks. The power of Bag-of-words model to create ef ciaretge and video retrieval systems
has been explored by Sivic and Zisserman [137] as well as Nister aner8tes [L01]. Moreover, with
this model it is easier to adapt many text based indexing methods for image#&and. For instance,
adaptation of PLSA [58] and LDA [17] to visual bag of words has prediggromising results for static
image databases [19, 117, 122, 136].



1.1.1 Obijective

Our goal is to ef ciently process, search, Iter, analyze videos anddamage collections. The
objective is to understand different aspects of visual information caedamthe given image or video.
It can be nding out what scene or object categories are presdetioging models for those categories.
Some concepts like demonstration, violence, party are dif cult to learnudh sases, example based
approach can be taken for detecting/ Itering content of interest (whietsamilar to examples). Au-
tomatic discovery of main actors in movies, important content in news videostared characteristic
patterns is another way to understand and analyse video content.

More speci cally the following problems are addressed in this thesis:

Object localization in cluttered environment and scene/object classi cation.
On-line processing and Itering of videos.
Mining and nding characteristic patterns in videos.

The emphasis is on achieving above with high ef ciency. We now furth@taéx our objective of
understanding visual content in image and video. We take two examplesioeach image and video
to justify the importance of our objective.

1.1.1.1 Understanding Visual Content in Images

Consider the image shown in Figure 1.2(a), one can observe a lot of thynyst looking at it.
Humans can easily recognize any content of the image from objects likeusapeople and other local
things to the global context of the image. The ultimate goal of visual conteiysia would be to
explain pixels, objects and their interactions in an image. To understand the inmevitable to take
global as well as local information into account. The visual recognitioblpros: (i) classi cation, (ii)
object detection, (iii) object categorization and (iv) scene categorizat®shown in Figure 1.3. Each
of them enables computers to analyse some or other aspect of the visteadtaaf image. In chapter 3,
we attempt to propose more ef cient alternatives for object detection asdication.

1.1.1.2 Understanding Visual Content in Videos

Understanding visual content in video includes many approaches: é) vetrieval or Itering, (ii)
activity recognition, (iii) identifying people, (iv) video characterization mning or other methods, (v)
video summarization. Objectives of all these approaches overlap wraahainly of two types. First
is to detect or search content of interest, this can be done by learned riactalgy recognition) or
example based methods (retrieval and ltering). Other one is aimed atathdring or summarizing
the video by analysis or mining of the video content.

Figure 1.3 shows both types of approaches. The output shown in Hid(l® shows some commer-
cials which are blocked. This essentially would be video ltering if the conbéinterest, commercials,
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- City
- Street

(c) Object Categorization: objects present (d) Scene Categorization: scene descirption

Figure 1.2 Visual Recognition Problems: different approaches to understandghel\content of an
image.

was detected by already learned model or based on its similarity to some exarnt@alatabase. Fig-
ure 1.3(c) shows output which is the more informative or important contetiteonews video such
as breaking news. This can be done by mining the video or by applying soi®e summarization
method.

In this thesis our approach for visual content processing in videossedban Itering (chapter 4)
and mining (chapter 5).

1.2 Motivation

Given the amount of easily accessible visual information the signi candesdést processing is
very much apparent. Achieving the objectives mentioned in the last sectiad s@rve a large number
of applications. Possible categories of applications include:
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(b) Blocked content (c) Informative content

Figure 1.3 (a) News video which is to be processed, (b) Detected commercials aBde@iing news
retrieved.

Semantic search in images and videos

An automatic searching tool which would immediately return all images or framasioing
instance of given semantic concept. It can be scenes like mountain, pigyscabjects like
dog, hand, bus or activities like dancing, demonstration. Robust amitat classi cation and
detection methods can greatly help for such application. Also example bagexhah would be
useful in searching complex activities like 'people applauding' by dete@guence of frames
similar to example sequences.

Video characterization by automatic labeling

Automatic labeling of characteristic scenes, main actors and other aspectsigsp sitcom
videos can help in genre prediction, automatic annotation to build large-dtghdy varied
datasets. Information obtained through nding such patterns could ganl@ about the visual
content and major theme of the video. This can be used to mine patterns in naviio-
logical studies, for teaching cinematography students the proper themdepractices of Im



aesthetics. Other applications could be to implement automatic movie recommengatenss
video summary or intelligent fast-forward. One could for example jump autoaiigticetween
all shots with characteristic scenes in the movie, or fast-forward to theapgdarance of main
character of the movie.

Content based video Itering

Content-based ltering of images and videos includes many applications likevedimioccommer-
cials, event detection, content based copy detection, adult contentakrmetecting occurrence
of a particular object. Many methods formulate this problem as an object/seeognition or
detection by using an appropriate classi er and many others use examphesdo with for com-
plex categories. Sequence information can be very useful for eeggtttbn. Content based copy
detection is another possible application which has become very popuéentlsecThe constant
struggle to identify and remove copyright multimedia content has been evadguipular video
sites like YouTube. A ef cient and scalable system for Content BasquyCeetection is required
to deal effectively with huge amount of visual data.

Applications in robotics

Autonomous mobile robotics is another important area, where recognitiobj@tts is critical
for robot localization and navigation. Real-time processing of visual abmteuld enable robot
to quickly infer the world around and make it useful for variety of situatioms this way a
completely autonomous robot specialized to recognize certain objects afsniet! be able to
substitute humans in dangerous situations such as underwater exploratitem help etc.

Surveillance and Security

Automated surveillance is another aspect of security, where identi cafiambjects and events

play an important role. Advanced systems to monitor a large set of securigraa and signal the
presence of speci ¢ objects/people or unusual events can be cmieiglood surveillance system.
The methods have to be ef cient and robust in-order to perform welfémvded environments,

for example cricket stadium.

We have a long history of partially successful and encouraging attemptslgsa visual informa-
tion. However there is no perfect solution for the situations mentioned abegause they are still very
challenging.

1.3 Challenges

Whether the problem is object detection or retrieval, the challenge lies oftesaribing the visual
content well inspite of many kinds of variations. We present the challeargsur solution for indexing,
learning and mining in chapters respective to these problems (Chapten® 5).aHere we list some of
the prominent challenges in the area of visual recognition:



(c) Scale/Size

Figure 1.4 Variation caused due to (a) View-point/Pose, (b) Occlusion/Truncatidri@rScale/Size

lllumination Variation

Lighting change have a major in uence on the appearance and is one ajrim@on problems in
recognition. Variation in environmental illumination causes large variations imtbasity values
of pixels. Due to different lighting and the occurrence of shadows tbjsmn appear completely
different and become dif cult to recognise. It can also add strongligrda edges to the image,
which can increase background-clutter and create confusion.

Viewpoint and Pose Variation

Viewpoint or position of the camera relative to the object can signi cantiynglethe appearance
of an object. Objects occur in different poses and can have complettdyedif appearances as a
result. For example, the different views of cars shown in Figure 1.4(a).

Occlusion and Truncation

Visibility of some part of object can be hindered due to some other objectiimtyiof the current
object or due to other parts of same object. The latter phenomenon is krsosetfacclusion.
Sometimes object gets truncated by the image border. All these cases contpboateognition
task signi cantly as the visual model either needs to explicitly model the possibilitgissing



(b) Intra-class (c) Inter-class

Figure 1.5 (a) Examples of variations caused by object articulation, (b) two instasfcesme object
class, dog, with very different appearances, and (c) very similairigakog (left) and cat (right).

parts or needs to be suf ciently robust to it. Figure 1.4(b) shows fewngtas of occlusion and
truncation.

Scale and Size Variation

The scale and size of objects can signi cantly in uence the similarity to othgratirlasses and
increase the variance within one object-class. Some examples given ir Bigic) illustrates
the effect of scale and size of object.

Background Clutter
Highly complex background can result in confusion between foregrobiects and background.
The chance of nding object features in the background increasestih@roducing false-positives.

Articulation

Articulation describes the variation of appearance caused by diffeaesitions of parts of the

object relative to each other. It mostly happens with living objects but algtes to other object

classes such as bicycles, bike. This causes large variations amongniiesaf same class and
increases intra-class variation. Figure 1.5(a) shows the differentilated positions of human,
horse and bike.

Intra and Inter Class Variations

Many classes have high intra-class variation that is variation betweent®bjelonging to the
same class. For example different breeds of dog (shown in Figure) 11i@h inter class simi-
larity in many object-classes is another problem which makes it challengirtg nohfuse those
classes. Figure 1.5(c) shows an example where dog and cat lookiwdar.s



We need approach that can address most of these challenges at thinsaukexeping the solution
computationally ef cient.

1.4 Our Contributions

In this thesis, we have proposed solutions for problems mentioned in Sectidn Brief description
of each of the contributions is given below:

Rapid Classi cation and Localization with Random Forests

State of art object detection and scene classi cation is often achieveapppd vector machines
(SVM). We have employed collection of randomized trees for ef cientsilaation. The advan-
tage of Random Forest over SVM and other classi ers is that it is fasaio &nd test and still
almost as accurate as non-linear SVMs. We show that Random Foresiterl@an be used for
fast and accurate classi cation and object localization. We have usethhination of different
visual features with random forest for the high-level feature extradtisk of TRECVID'08 [3].
Random forest is presented as a rapid object detector with results bengireg datasets like
VOC PASCAL and TRECVIDO09. We achieved results comparable to ther®€C'07 [45] for
object detection.

On-line Video Processing

We proposed an architecture for ef cient online content based psiug of continuous stream of
videos to detect segments (or sequences) which are similar to a givéesatples. Anindexing
technique is developed usifigie data structure with bag-of-words model. It does simultaneous
on-line spotting of multiple examples in a video stream which makes it possible tceggdarge
amount of unseen video. This video ltering is complementary to video relrigliare query is

an example video and the retrieved results are similar clips from alreadyeiddinge database.

Video Mining

We apply pattern mining in videos to characterize the visual content. Twaeatitf@ideo mining
schemes are employed; both aimed at detecting frequent and represguadierns. For one of
our mining approaches, we use an ef cient frequent pattern mining itigoiover a quantized
feature space. Our second approach uses random forest teaepveleo data as sequences, and
mine the frequent sequences. Experiments are done with boadcasaNgWkvie videos.

1.5 Thesis Overview

The remainder of the thesis is organized as follows. Chapter 3 presentioiRa-orest as fast
and robust object detector. After survey on object detection and dRarkebrest, we experimentally
compare RF with SVM. It is evaluated on VOC PASCAL and TRECVID dataketsletection and



classi cation. In chapter 4, we have presented a detailed survey dfrexispproach towards video
processing and different indexing techniques. Our example based anfethonline processing and
Itering of videos is then presented with results for Content Based Copgddien. Our video mining
approach is presented in Chapter 5 with experiments on movie and news.vieaally, in Chapter 6
we draw conclusions from this thesis and also explore some of the posa#inlees for future work.
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Chapter 2

Background

In this chapter we introduce some basic tools and algorithms that we usehibrdug this thesis.
They include methods for image representation, clustering algorithms, wiscabulary construction,
classi ers and pattern mining methods.

2.1 Image Representation

In visual recognition literature many techniques have been used to eepthe content of an image.
All object/image classi cation and content based retrieval systems requap@opriate representation
of the input images. In this section the basic techniques for representihdeseribing images and
the objects therein are described. One can represent an image glodalbalty. In the case of local
models we haveparseanddenserepresentations. Sparse as well as dense image representations are
local as they focus on speci ¢ image regions instead of describing the iamgewhole. In the next
subsection we describe global representation. Then we give a detadliedew of sparse representation
techniques, which only represent interesting areas of an image. Thifigdd by the presentation of
methods that provide a dense representation of the image in the sensekthpixehcontributes to the
feature description of the image. We then describe different featuceipess used to represent image
content. In the last subsection we discuss Bag-of-words model for irepgesentation.

2.1.1 Global Representation

Global features describe the entirety of an image with a single feature wagituring information
from the whole image. For example, variations of global color or gradistddgrams, texture features.
Attention is not paid to the constituents of the image, such as individual regioparts of objects.
Once each images feature is computed, we can classify each image orertbassimilarity between
any pair of images using some distance metric. The appeal of this approaah itie simplicity. The
drawbacks of global appearance representation are:

problems with partial occlusion and background clutter.
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the large amount of training data required to achieve viewpoint and lightirgiance.

Many recent works in computer vision has highlighted the importance of giolzaye representa-
tions for scene recognition [47, 75, 104] and as a source of conténfaemation [60, 99, 150]. These
representations are based on computing statistics of low level features (soimmdpresentations avail-
able in early visual areas such as oriented edges, vector quantizedpatabes, etc.) over xed image
regions. One example of a global image representation is the gist des§tipddr The gist descrip-
tor is explained in section 2.1.4.3. Some of the earlier works that used thigaagbpfor recognition
are [40, 98, 126].

2.1.2 Local Representation: Sparse

Local appearance methods are at the heart of some of the most $ulbakfest recognition systems.
The introduction of very powerful local visual features in the late 90s1esaf the main reasons for the
astonishing progress the eld of computer vision has made in recent. ydalike global features, local
features decompose the image into localized image patch descriptors artaredtipoints (sparse) or
on aregular grid (dense).

Selecting the right image patches and describing them in meaninigful wayyisnaportant for
sparse image representation. In general this is carried out in two Shegesteting interest points/regions
in the image; (ii) extracting a feature descriptor from each region, whishribes that speci ¢ image
region. Since only a subset of image regions is represented by thésesfdascriptors, this provides a
sparse representation of the image.

A good interest point detector locates points, that can be detected mgeaten if the original
image is modi ed or the same scene is shown under varying conditions. SuiEtiens include for
example viewpoint changes (angle, zoom, etc.), illumination changes, or toagaression. We now
give an overview of a few interest point detectors that are used thoaighe computer vision commu-
nity to model images sparsely. A detailed overview and comparison of some aidbt well-known
interest point detectors can be found in [92, 93, 156].

2.1.2.1 Harris corner detector

Harris corner detector [56] is one of the rstintroduced interest pdetectors. It is very basic but
still in uential and compared to the newer achievements. It is based ontohef@orners as areas with
low self similarity, i.e. small shifts of an image patch result in a large sum of squdifferences.

2.1.2.2 Hessian-Af ne

Hessian Af ne interest point detectors [92] belong to a class of so caliea-covariant detectors,
which are not only invariant to scale and rotation, but can even cope With eéhanges. The main
concept of these detectors is to nd rst a stable interest point in sqadee as with the methods
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described above, but afterwards to t an elliptical region around theestgoint. (Instead of a square
or circle). This ellipse adapts - i.e. is covariant - with af ne changes ofitiderlying image structures.
For Hessian-Af ne detectors, the shape of this ellipse is determined witretteng moment matrix of
the intensity gradient.

The descriptor is extracted on a normalized region for all interest poigtsttee ellipses are trans-
formed into a circle, before the descriptor is calculated on the pixels withiniticle.c

2.1.2.3 Difference-of-Gaussians (DoG)

This involves convolving the image with a Gaussian at several scalesingr@aso called scale
space pyramid of convolved images. Interest points are now detecteddayisg points in the image,
which are stable across scales. For Difference-of-Gaussians)(@ueoach the convolved images at
subsequent scales are subtracted from each other. The DoG epaafact simply an approximation
of the Laplacian. Stable points are searched in these DoG images by detgrlogahmaxima, which
appear at the same pixel across scales.

2124 MSER

MSER (Maximally Stable Extrema Regions) [90] also belong to the class okafovariant de-
tectors. They are not based on one of the standard Gaussian scaenspiods, but are based on
connected components of an appropriately thresholded image. The xtethal refers to the property
that all pixels inside the MSER have either higher (bright extremal regiongmeer (dark extremal
regions) intensity than all the pixels on its outer boundary. The maximally stab8ER describes the
objective optimized during the threshold selection process: while changeniptéshold value, these
regions binarization stays stable over a range of threshold values.irfidly stable” is de ned as the
local minimum of the relative area change as a function of relative chartgesshold.

Just as with the Hessian-Af ne detectors, an ellipse can be tted to the budgions of the de-
tector, and after normalization, a region descriptor such as SIFT caaldaidated on the pixels in the
region [93].

2.1.3 Local Representation: Dense

Dense features are a widely used for many recognition tasks as antfeetaaegion detectors. By
dense it means that the features are not extracted at the detected pugrssbut feature descriptors are
computed for each sampled region/pixel on a dense grid. One advartdgese representations over
sparse ones can be the fact that regions with uniform texture, whicltlyisue not returned by interest
point detectors, will be represented equally well. The preferred methpendis on the application and
computational constraints. There is no general rule stating clear adeartbgparse versus dense image
representations. In [66], Jurie and Triggs compare these two ideas objdrt categorisation task and
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(a) Interest points (b) SIFT descriptor computation

Figure 2.1 (a) Example of detected key-points and (b) SIFT descriptor computatiorth©right are
the gradients of an image patch around a key-point. These gradientearacdtumulated ovetr 4
sub-regions, as shown on the left, the length of the arrow corresgpnalithe sum of the gradient
magnitudes in that direction.

conclude that dense features perform better there. Dense sampling issals in [20, 161] which

boosted image classi cation and object detection results. However, dusrtputational constraints a
combination of sparse representations and dense sampling can be unsfgt8], Leibe and Schiele use
a sparse representation of interest points as a rst step and re neitla abject detection by further
sampling of dense features around the initial hypothesis. Thereby dangling in the whole image
is avoided and only applied to the potential candidate regions.

2.1.4 Feature Descriptors

Now we brie y present a few feature descriptors that we use to desthib detected regions of
interest or regions from dense grid. We also discuss global desc@jdtr It is very crucial for good
performance in visual recognition that the features are robust. Theimpsttant quality criteria for
descriptors are a compact representation and high precision andwhitalmatching descriptors from
a database of images. Below we summarize the properties of some of the fiEggariptors used in this
thesis.

2141 SIFT

SIFT (Scale Invariant Feature Transform) proposed by Lowe [84F&e and rotation invariant.
Originally SIFT consists of both an interest point detector and descriptefers to an implementation
which uses a scale invariant region detector based on the differer@ausisians. The descriptor is
however used stand alone as well in combination with various interest paittdrs.

For the descriptor, around each interest point a region is de neitjathinto orientation histograms
on @ 4) pixel neighborhoods. The orientation histograms are relative to theok®ygrientation.
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Histograms contaii® bins each, and each descriptor contairs a4 array of 16 histograms around
the keypoint. This leads to a SIFT feature vector wi¢h (4 8 = 128 elements) (Figure 2.1). This
vector is normalized to enhance invariance to changes in illumination. Theegtddstograms seem
to contribute signi cantly to this performance by representing local sh&pee disadvantage of SIFT
is its high dimensionality and one way to reduce it is using PCA-SIFT [68] ifopaing Principal
Component Analysis (PCA) on the rad28dimensional SIFT vector.

In original version after detecting interest points, several re nemtagssare applied, to select the
most robust points (e.g. eliminating edge responses etc.). Finally, the mostaitd orientations are
determined, by creating a radial histogram of gradients in a circular neijbbd of the detected point.
The maxima from this histogram determine the orientation of the point, and thbokengation invari-
ance.

2142 SURF

SURF [14] is a patrticularly fast and compact method. Just like SIFT, S8R0 scale and rotation
invariant. The interest point detector used by SURF is based on the DeastroifiHessian (DoH) blob
detector. However, just as SIFT uses DoG as an approximation of tHadiam SURF uses a more
ef cient approximation of the Hessian. This is done using a approximatiah@iGaussian second
order derivatives of the Hessian detector with simple box Iters. Using hess allows using integral
images [164] for ef cient computation.

Like its detector, the SURF descriptor is also tuned for ef ciency. It daleis a set of simple Haar-
like features in sub-regions of a rectangular neighborhood arounmatenest point. As in the case of
SIFT, this is done after determining a dominant orientation and expressimg$eeptor in relation to
that orientation to achieve rotation invariance. The Haar-like featur®nsgs can again be calculated
very ef ciently using integral images.

2.1.43 Gist

Gist is a global descriptor, initially proposed in [104]. The idea is to devallmwv dimensional rep-
resentation of the scene. A set of perceptual dimensions (naturabpess)ess, roughness, expansion,
ruggedness) are proposed to represent the dominant spatial groiciuscene. Authors show that these
dimensions can be reliably estimated using spectral and coarsely localiaadation.

The descriptor is a vector of featurgs where each individual featugg is computed as:
X
o= Wk(xy) j1(6y)  he(xy)i?

Xy
where denotes image convolution and is a pixel-wise multiplication. | (x;y) is the luminance
channel of the input imagék(x;y) is a lter from a bank of multiscale oriented Gabor lters (
orientations and four scales), amg (x;y) is a spatial window that will compute the average output
energy of each lter at different image locations. The windaWg(x; y) divide the image into a grid of
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Figure 2.2This gure illustrates the information encoded by the gist features for tHifésrent images.
See text for details (Courtesy A. Torralbtal [151])

4 4 non-overlapping windows. We use eight orientations=(8 ), which results in a descriptor with a
dimensionalityo# 4 8 4=512.

Figure 2.2 illustrates the amount of information preserved by the gist dascriihe middle column
shows the average of the output magnitude of the multiscale-oriented lteagpotar plot. The average
response of each lIter is computed locally by splitting the image #to 4 windows. Each different
scale is color coded (red for high spatial frequencies, and blue fdothepatial frequencies), and the
intensity is proportional to the energy for each Iter output. Right columnigFe 2.2 shows noise
images that are coerced to have the same gist features as the target itmagest @escriptor provides
a coarse description of the textures present in the image and their spgtaization. It preserves
relevant information needed for categorizing scenes into categoriesalessifying an image as being
a beach scene, a street or a living-room). In addition to recognizingcregist can also be used to
provide strong contextual priors as we well.

2.1.4.4 Histogram of Oriented Gradients: HOG

Histogram of Oriented Gradients descriptor was rst introduced by Daal Triggs in [34]. This
robust feature descriptor describes local shape and appear#@hiteam image by distribution of gra-
dient orientation. The HOG descriptor, creates a dense image descrigtiosirty locally contrast
normalisedLD -histograms of oriented gradients. These orientation histograms are cahopetesmall
non-overlapping cells (e.g8 8 pixels) covering the whole image (or region of interest containing
an object etc), thereby creating a dense description. Each of thosarmeelisrmalised with respect to
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Orientation Voting
O R
= Overlapping Blocks

_Input Image Gradient Image

Figure 2.3 HOG feature extraction: The image or ROI (here detector window) is tiled wittidaof
overlapping blocks. Each block contains a grid of spatial cells. For ealththe weighted vote of
image gradients in orientation histograms is performed. The block descrip®iscally normalised
and collected in one big feature vector. Courtesy [34]

different blocks (larger spatial grid of neighbouring cells) and thugrdautes to the HOG descriptor
multiple times. Authors found that this local contrast normalization with overlgpgéascriptor blocks
is crucial for good results. They also experimented to study the in uefceadi cations from this
baseline and varying parameters : e.g. radial cells, rectangular cdisedifsizes of cells and blocks,
ne-scale gradients, ne orientation binning, relatively coarse spatiahipng. Figure 2.3 shows the
process of computation of HOG descriptor. This descriptor idea candmeasea dense version of the
SIFT descriptor. HOG and its variants have given state of art perfarenfam object detection [48] and
image classi cation [20].

2.1.5 Bag of Words Model for Image Representation

In the last few years, bag of visual words have been commonly usegdot@bcognition, object or
texture classi cation, scene classi cation, image retrieval and related tdisttirectly relates to the bag
of words model (BOW) originally used in text retrieval [12]. It has b&@noduced into the computer
vision community by Sivic and Zisserman [137], who apply it to object rettievaideos.

The BOW model is usually based on interest points and corresponditugdekescriptions. It uses a
clustering/vector-quantisation method to quantize the feature descriptanstually each interest point
is represented by an ID indexing into a visual-codebook or visual-vdagb Visual vocabularies are
typically obtained by clustering the feature descriptors in high dimensiomébvepace. The dataset
(or a subset of dataset) is clustered iktrepresentative clusters, where each cluster stands for a visual
word. The resulting clusters can be more or less compact, thus repregsietivariability of similarity
for individual feature matches. The valuekotlepends on the application, ranging from a few hundred
or thousand entities for object class recognition applications up to one milliaetidgeval of speci c
objects from large databases. For clustering, most often k-Meansds lusteother methods are also
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Figure 2.4 Bag of visual words model: (a) Database of images, features extraceciustered to
get (b) Visual vocabulary or collection of visual words, and (c) Aareple image represented using
constructed vocabulary.

used for example hierarchical k-means is used by Nistexd in [101]. Size of vocabulary is chosen
according to how much variability is desired in the individual visual wordsobject class recognition,
the individual instances of a class can have large variations, while invatf@ speci c objects very
similar features have to be found.

After vocabulary building an image is then modelled as a bag of those so cadiead-words. It can
thus be described by a vector (or histogram) that stores the distributidirassayned codebook IDs or
visual words. The complete process for encoding an image with a visoabutary is summarized in
Figure 2.4. Note that this discards the spatial distribution of the image feataresntrast, the image
descriptions introduced in the previous sub-sections also carry spétiahetion, especially the dense
ones, e.g. HOG, are often used directly to provide a spatial descriptitie objects.

In visual recognition, the bag of words model has been employed by fotlee anost successful
methods in the PASCAL 2006 challenge [43]. One of the best performipgpaphes uses a combina-
tion of the methods introduced in Zhartal[179] and Lazebnilet al[75]. The system uses the bag of
visual-words model on sparse Harris-Laplace and Laplacian featteetdrs or dense features on the
one hand, and an extension which uses spatial pyramids to repreatat dppendencies on the other
hand. This shows that this model compares to other state of the art olgjeghitton methods despite
its apparent simplicity and crude neglect of spatial feature relations.
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For image and video retrieval based on visual vocabularies, oftemaseadditional methods are
borrowed from text retrieval [123], e.g. the most frequent and gufemt visual words are removed
from the images using a stop-list, or the features are ranked using a Hridhy, weighting frequently
occurring features lower. Sivic and Zisserman [137] use tf-idf weightin the visual-word counts
produced by interest point detection and SIFT features in order tovefii@mes in videos containing
a query object.

We use visual vocabularies through out this work. In chapter 4 weeptescabulary triebased on
this model for video Itering. Our approach for mining videos in chapter &sugsual words represen-
tation. For classi cation and detection in chapter 3 we use state of art ésatome of which are again
based on this model.

2.2 Vector Quantization (Clustering)

Vector quantisation of image feature descriptors is a common step in the \@soghition commu-
nity. One reason for the quantisation is the large range of values and ¢nsitigty to small image
perturbations. Thus the quantisation introduces robustness. It inwd¥a<lustering or partitioning a
data set into groups of more related samples.

The most widely used method employs k-means clustering algorithm [85]. Ksrstarts withk
randomly selected data points, called cluster centres (different datndniitialisation techniques are
used as well). The rst step assigns each of the remaining data points tlo#ssiccluster centre. The
next step recomputes the cluster centres to be the mean of each clusts.tWhesteps are alternated
until convergence. It nds a partitioning dff points from a vector space infto< N groups, where
k is typically speci ed by the user. The objective it tries to achieve is to minimizd totea-cluster
variance:

X X

V= i)
i=1 xj2¢;

where there ark clustersc;, i = 1:::k, and ; is the mean of all the pointg 2 ¢; .

While k is the only parameter that needs to be speci ed for k-Means, its choicé iswvial. In par-
ticular since it affects the outcome of the clustering result greatly. A commgnatendle this problem
is to just try several values fdr. However, for large datasets this approach is too time-consuming be-
causek can vary in a wide range. The time-complexity of the k-Means algorith@(Nkld) for N
datapoints of dimensiod, andl iterations. Heré depends on the distribution of the data in the feature
space and the initial centers. Many improvements of the standard k-Mkpgmihen have been sug-
gested [110, 41]. They either use ef cient data structures or impnavéne and memory requirements
by reducing the number of distance calculations based on some approxicritoia.

Other methods such as agglomerative clustering in [78], which uses nagthgliey-scale correla-

tion on25 25image patches, or the mean-shift based method described in [66] by ddrigiggs

19



are used as well. Moosmaie al [94] introduced more ef cient alternative for building codebooks in
Extremely Randomized Clustering Forests - ensembles of randomly creasésticlg trees.
In our work we use k-Means mostly to cluster local visual features intaVigacabularies.

2.3 Random Forests

Random Forests were introduced in the machine learning community by [&n2ldre based on
decision trees [118]. Dietterich and Fisher did related work [38] fostroigting ensembles of decision-
trees and compared methods based on bagging, boosting, and randomiRatision tree classi ers
have shown problems related to over- tting and lack of generalization d®anForests are trained to
alleviate such problems by:

injecting randomness into the training of the trees, and
combining the output of multiple randomized trees into a single classi er.

A random forest multi-way classi er consists of a number of trees, witlh éae grown using some
form of randomization. Randomness can be injected at two points duringngain sub-sampling the
training data so that each tree is grown using a different subset; anig@atisg the node tests. The leaf
nodes of each tree are labeled by estimates of the posterior distributiotheveasses. Each internal
node contains a test that splits the space of data to be classi ed. A test darolalssi ed by sending
it down every tree and aggregating the reached leaf distributions. Fgbirghows a Random Forest
which consists of T trees.

Random Forests have been shown to result in lower test errors thaentimmal decision-trees [174]
and performance comparable to SVMs in multi-class problems [20], while mamgaigh computa-
tional ef ciency.

2.3.1 Random Forest classi er

We employbinary decision-treess building blocks. Each internal node of the tree has a test as-
sociated with it which can be in general of the form X ! f true, falsg, whereX is the feature
representation of input sample. In speci c, this test can be a combinatiamotie functiorF of the
formF : X ! R and athreshold. The node test is then de ned as:

F(X) > o to right child
(X)= ( )else go to Ie?‘t child @1

Feature representation (i.&.) can be of general nature, e.g. any feature descriptor like color his-
togram, HOG, PHOW etc or output of a lter bank. Also the functiénis of a very general nature:
it could be a component or difference of two components of a featurigts, a linear classi er, the
output of another classi er, to give few examples.
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2.3.1.1 Training the classi er

Binary decision-trees are constructed by learning the node-tests disdimiyna a top-down man-
ner. Starting from the root, given the labeled training data, the node farfetiand threshold which
maximize the information gain E are found at each node.

Qi

E =E(Q) 0] E(Q;)

j
whereQ is the set of data points at the current node (to be splittedygnd Q are theleft andright
subset caused by partitioning the data with> . E(Q) is the entropy of data points iQ. The
algorithm proceeds iteratively with the left and right sub€gtsat the children nodes un®®; is empty
or a threshold foE (Q) or E is reached. Sometimes when the training data is very unbalanced it is
bene cial to normalize it during computation ofE, by weighting each training point with its inverse
class prior probability. Note that this is different from normalizing the emgdidkess posteriors in the
leaf nodes. There are four ways in which priors can be used for rizatian of training data:

weighting each training point by its inverse class prior probability during edatjpn of E and
also normalizing empirical class posteriors in the leaf nodes.

using class prior probability during computation oE but not at the leaf nodes.

normalizing empirical class posteriors in the leaf nodes but not using mhiwnsg computation
of E.

not using priors both during computation oE and at the leaf nodes.

During training of the tree each node has available only a randomly chobsatf the entire po#t
of possible node functions. Training is achieved by nding for each-tesminal node a node function
and a threshold which yields maximum information gaig within such restricted, randomized search
space [20, 167]. The “randomization” can be tuned by several paeasrike the size and composition
of the poolP, number of node-functions and threshold$ {ried. Size of poolP and number of
thresholds to be tried at each node for each node-function are choserding to the application. For
example, Shottoet al [133] uses 500 node-functions and 10 thresholds at each node W8]lg94]
do not optimize , but pick it randomly.

The training data is sub-sampled (bagging) and each tree is trained usifeyend random subset.
This is done to increase the independence of the trees [21] and redirgadgrtime. As a result of
training the empirical class posterior distributions are stored in the leaf nodie form of histogram
counts over the class-labels of the training data as shown in Figure 2.%8. d&nision-trees in Random
Forest are trained independently training can be easily paralleled. liggatto randomize enough so
that each tree result in independent classi cations of the data [21].
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Figure 2.5 Random Forest with T trees, leaf nodes are shown in green. Traimmgiesare traversed
from root to leaf nodes and posterior distributions (blue) are computegstfsample is classi ed by
descending each tree and then aggregating the distributions at eduoddr&saf. The paths formed while
descending are shown in yellow.

2.3.1.2 Random Forest Parameters

The following describes the effect of different parameters on the tiofithe Random Forest.

Number of decision-trees in the Random Fordst (The number of decision trees greatly in u-
ences the performance of the Random Forest. Additional independelttinézed decision-trees
add further information over the training data, as each tree partitions ttuedesgpace into differ-
ent cells and collects the empirical class posteriors for those cells in thedda$§nOur experi-
ments show that the performance increases the more decision-trees@reuishe improvement
is small after a certain number of decision trees are used.

Node test parameters: These are the main parameters to in uence therfragess” of the
decision-trees.

— Number of functions chosen at each nodge)( If ny = 1 there would be no optimization
of the information gain E and the decision-trees would de ne a random partitioning of
the feature space. The greatgrthe more the partitioning will be driven by discriminating
between the object classes, as for each node the one node-functioh myu functions
that maximizes the information gainE is selected. Thesg node-functions are sampled
randomly from the initial pool of node-functions P that is created for edision-tree.

— Number of thresholds tried for each node-function at each nadg (For each node-
functionn thresholds are tried over the feature responses of training samplethrébb-
olds are usually sampled uniformly across the responses. risikéincreasingn leads to
more discriminative partitioning.
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Decision-tree parameters: These parameters describe propertieslettbien-trees only.

— maximum depth of a tree: Experiments indicate that deeper trees tend to imgroe p
mance as stronger trees are built. Thus the depth is mostly determined by ciomalita
and memory considerations, but depending on the speci cs of the implemengatibthe
number of trees in the forest it can also lead to over- tting.

— fraction of training samples used to train a tree: Similar to the maximum depth, wigen la
fraction of training data is used per tree, stronger trees are built. But tow m&ining
sample per tree may cause over- tting and an ensemble of larger numberaidewtrees
may have better generalization.

— information gain or entropy stopping criterion: In order to avoid “over- tfirof the tree, i.e.
partitioning of feature space areas into areas where there is no fuathidioping necessary,
these two criteria can be used to stop expansion of the nodes before timeumeastepth is
reached.

2.3.1.3 Classi cation

Data is classi ed independently by each decision tree during testing. Bagbls is pushed through
the tree from the root to a leaf node. At each internal node dependitice@valuation of the node-test
a sample is sent to the left or right child. This classi cation results in the assghof the empirical
class posterior distribution to the test sample. It is often better to not use thigoaingass posteriors
directly, but to weight them with the class prior probabilities. To combine the multipkes posterior
distributionsP; (cjx) with i 2 f 1;:::; Tg, we use Mixture of Experts method where individual probabil-
ity distributions are averaged: P

i Pi (ij)

z
whereZ denotes the normalization such ti®afcjx) is a proper probability distribution. In this method
each individual tree has an in uence in voting for a speci c class. B][Biauet alshow that the voting
and averaging classi ers are consistent and also investigate the coogisfeRandom Forests. It turns
out that if the individual decision-trees are consistent the averagisgi@ais consistent as well.

P(cx) =

2.4 Frequent Pattern Mining

Frequent pattern mining (FPM) has become one of the most actively casedopics in data mining
and knowledge discovery in databases. It was catalysed by market lzaslysis and the task to mine
transactional data. It described the shopping behavior of custometgpefmarkets, mail-order com-
panies and online shops, for products that are frequently boughheygé&or this task, which became
generally known as frequent item set mining, a large number of ef cigurdhms were developed,
which are based on sophisticated data structures and clever procassémges.

23



Item set mining was followed by to sequence mining and the extensions arestasightforward.
But they led to exciting new applications like genome mining and temporal patteacéan from data
describing, for instance, alarms occurring in telecommunication networkse lomplex problems
of mining frequent trees and general frequent subgraphs havedaekessed in recent developments.
These have applications in biochemistry, citation network, web mining andgrogw analysis. Fre-
quent Pattern Mining comprises of these problems:

Frequent Itemset Mining (FIM)
Frequent Sequence Mining (FSM)
Frequent Tree Mining

Frequent Graph Mining

In this work we only use frequent itemset mining and its extension freqeeuience mining. Using
FSM we deal with sequences of items or itemsets. Frequent itemsets plagatigssle in many data
mining tasks that try to nd interesting patterns from databases, such esiassn rules, correlations,
sequences, episodes, classi ers, clusters and many more. Pattern haialgo been used in computer
vision by Till Quacket al[114, 115, 116] and Nowoziat al[102, 103]. We have used FIM and FSM
for mining patterns in videos in chapter 5.

In this section we rst give the de nitions of important terms and conceptgrwe give the general
problem statement for FPM followed by speci ¢ cases FIM and FSM.

2.4.1 Basic Terms and Notions
Here we summarize the relevant terms and notions for frequent itemsetdsdeane association

rules before discussing frequent sequence mining.

Letl = fiy;:;;ipg be aset op items This is called thétem base

Any subsetA of | with | items, i.e A |;jAj = | is called arl-itemset
A transactionis an itemseT | with a transaction identi etid (T).

A transaction databasb is a set of transactions with unique identi dds= ftid (Tq)::tid (Tn)g,
tid (Ti) = tid(Tj)fi;j g 2 1ji = j. Every transaction is an item set, but some item sets may not
appearirD.

We say that a transactidn supports an itemset, if A T.

A sequence is an ordered list of items or itemsets (term useehisnj. It is denoted as =

(12! 20D b Q)
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P
A sequence witkk items k = j j jJ) is called ak-sequenceFor example, ! AC)is a
3-sequence

We say is a sub-sequence of another sequenaenoted as , if there exists a one-to-one
order-preserving function that maps events in to events in .

A sequence databaseis a set of sequences. We say that a sequence $ong, supports a
sequence , if S.

LetA | be an itemset anB® a transaction database over Also let be a sequence arféla
sequence database oveMWe can now de ne relevant concepts:

De nition 2.4.1 Support of an itemsetThe support (absolute) of an itemgel D is
support(A) .= jfT 2 DjA  Tgj
and relative support is

fT2DJA Tgj

support(A) = iDj

2 [0;1]

De nition 2.4.2 Cover of an itemsetFor each itemset we can also nd the transactions, which support
the itemset. The cover of an itemgeR D consists of the set of transaction identi ers of transactions
in D that supportA:

cover(A;D) = tid(T)j(T2D;A T)

De nition 2.4.3 Frequent itemset:An itemsetA is called frequent in databade if support(A)

min _suppwheremin _suppis a threshold for the minimal support.

De nition 2.4.4 Closed itemset and Maximal itemsefA frequent item sef is called closed if no
super-set has the same support. A frequent item setcalled maximal if no super-set is frequent.
These are two special types of frequent itemsets that are often discrichindke literature.

After mining frequent itemsets, one is often interested in the statistical dependetween the
individual items or subsets that form a set. These dependencies aralfypipressed in the form of
association rules.

De nition 2.4.5 Association rule: An association rule is an expressién! B whereA andB are

itemsets (of any length) amdl\ B =

The quality or interestingness of a rule is typically expressed in the supporience framework,
which was introduced in [5].
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De nition 2.4.6 Support of a rule: The support of an association rufe! B is

jfT2Dj(A[ B) Tgj
iDj

supp(A! B):= supp(A[ B) =

In other words, the support of a rule is the support of the joined itemsetsnidiee up the rule. The
support of a rule measures its statistical signi cance.

De nition 2.4.7 Con dence of a rule: The con dence of an association rule! B is

supp(A[ B) _ jfT 2 Dj(A[ B)Tgj
| = =
conf(A! B) Supp(A) T 2 Dj( gi

The left-hand side of a rule is called antecedent, the right-hand side isrisequeent. The con dence
is a measure of the strength of the implicatdnn  B.

De nition 2.4.8 Support of a sequencerhe support (absolute) of a itemget2 D is

support( )= jf s2 DJA sgj

and relative support is
s 2 DJA
iDj

support( ) := I sdl 2 [0; 1]

As in case of frequent item-set, a sequence is called frequent if its gupgweater than threshold
for the minimal support. Also frequent sequence is maximal if none of itsrssgupiences is frequent.

2.4.2 Frequent Pattern Mining: Problem Statement

In the frequent pattern mining problem, we have a pattern coméxt ( P; R), for the input data
which is alocally nite poset P is set of all possible patterns in the data & a containment relation.
We are given the set of input dala the pattern contex® C, the support functiorsuppT : P! N and
a minimum support thresholdjin _supp2 N.

Thetaskisto ndthesef = fp2 P :suppT(p) min _suppg and the support of the patterns in
F. Elements of are frequent and are callf@quentpatterns. Her® is pattern context (set of possible
patterns)suppT : P! N is a support function anchin _supp given minimum support threshold. The
input dataJ is a set of collection of patterns (transactions or sequences). Tlermay types of
patterns: itemsets [5], item sequences, sequences of itemsets [7] ettth&kbe are some or other form
of collection ofitems coming from item basd,.
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2.4.3 Frequent Itemset Mining

Frequent itemset mining is a case of FPM where patterns are transactbtisearontainment re-
lation (R) is set inclusion () relation. The task is to nd all frequent item sets from the transactional
database. Finding frequent itemsets is one of the most investigated eldstaofning. It is very
popular family of methods to detect the joint occurrence of certain items friange body of data. The
problem was rst presented in [5]. The subsequent paper [6] isidened as one of the most important
contributions to the subject. Its main algorithApriori, not only in uenced the association rule min-
ing community, but it affected other data mining elds as well. Association rutkfeggquent itemset
mining became a widely researched area, and hence faster and fastéhmailg have been presented.
Numerous of them arApriori based algorithms okpriori modi cations.

Market basket analysis was the main application considered in the rdicptibns on itemset min-
ing [5], however, since then same kind of problem has been analyzeatious other contexts. This
includes web usage mining [31], robust collaborative Itering [1244uld detection in on-line advertis-
ing [91], document analysis [61] or massive recommendation systena&bed search queries [81]. In
computer vision, frequent itemsets con gurations are used to mine vide@44n 115, 116].

2.4.4 Frequent Sequence Mining

Given a databas8 of input-sequences and minimum support, the problem of mining sequential
patterns is to nd all frequent sequences in the database. On this vefdid?iM data is in the form of
sequences and sub-sequence is the containment reR{jofilie problem of mining sequential patterns
was introduced in [7]. They also presented three algorithms for solvingthldem. TheAprioriAll
algorithm was shown to perform better than the other two approachesbseguent work [142], the
same authors proposed the GSP algorithm that outperfoAp&driAll by up to 20 times. Since then
improved algorithms kept coming, some of them are FreeSpan [55], Prarx§L09], SPADE [176].

Sequence discovery can essentially be thought of as associationatisfAR®5, 142] over a temporal
database. While association rules discover only intra-event pattettesi(itamsets), we now also have
to discover inter-event patterns (sequences). The set of all inegagquences is a super-set of the set of
frequent itemsets. Due to this similarity sequence mining algorithmsAkeoriAll, GSP, etc., utilize
some of the ideas initially proposed for the discovery of association ruhestc®mings ofApriori-like
approaches are: (i) potentially huge set of candidate sequences,[{iplenscans of databases and (iii)
dif culties at mining long sequential patterns. Algorithms like FreeSpan, ¥3@an avoid the repeated
scans setback @fpriori which makes them suitable for dealing with very large databases.

27






Chapter 3

Rapid Object Detection using Random Forests

3.1 Introduction

A long-standing goal of machine vision has been to build a system which isaf#eognize many
different kinds of objects in a cluttered world. Recent years havegesai progress in the area of object
category recognition for natural images. However, in their basic formyratate-of-the-art methods
only solve a binary classi cation problem. They can decide whether arcbigjpresent in an image or
not, but not where exactly in the image the object is located.

Given an image, task of object detection is to nd if the object of interestésgmt in the image, and
if present return the location of it. Some examples of object detection avenshd-igure 3.1. Object
localization is an important task for the automatic understanding of images agweltp separate an
object from the background, or to analyze the spatial relations of €iffaybjects in an image to each
other. Various classi ers have been used for object detection, su&Vals [34, 49, 86, 108], naive
Bayes [128], mixtures of Gaussians [50], boosted decision stumps 1653, etc. In addition, many
types of image features have been considered, like generic wavel8{sl8%], histogram of gradient
orientation (HOG) [34, 49], spatial pyramid histogram of visual word$ @G [20, 84, 137, 161] etc.

The Random Forest is another discriminative classi er that has becomeuwecessful in computer
vision [8, 20, 21, 79, 133]. The advantages of Random Forest &ssi er are discussed in section
3.6. In this chapter we show that Random Forest can be used forMdsicgurate object detection
comparable to the state of art. We start with an overview of previous relegaarch on object detection
followed by theory of Random Forest and its application in computer visiomdtian 2.3. First in
section 3.4, we show strength of Random Forest as a classi er byimgras for image level scene and
object classi cation in high level feature detection task in TRECVID'08 [@]e explain our detection
system by giving details of training, testing, post-processing and feaitusection 3.5. Then Random
Forest is compared with SVM as an object detector on account of agycgreed and memory usage.
Section 3.7 details our approach of sliding window based RF detector. Hmiddi Forest baseline
detector is evaluated on challenging VOC PASCAL dataset [45]. In theafimipsections we propose
enhancements over the baseline detector and present Random Berespia object detector supported
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Figure 3.1 Some examples of our object detection results.

by experiments and results. We also show how it performs for objectvaitiie high level feature
detection task in TRECVID'09.

3.2 Object Detection Literature and Methods

A number of different approaches to object detection have been gedpa the past. In most of
them, images are represented using some set of features, and a learnfiad im¢hen used to identify
regions in the feature space that correspond to the object class otntEnere has been considerable
variety in the methods based on types of features, classi ers and aled bashow the localization is
done. Among them localization using sliding window approach is the most poqda

3.2.1 Sliding window based methods

In this approach detector is based on a binary object/non-object clgsshich scans the image
with a detection window at all positions and scales. Feature descriptoestdrfrom each window
are scored by the classi er and multiple overlapping detections are fusgeltbthe nal object de-
tections. Sliding window approaches have established themselves as steeadf Most successful
localization techniques at the recent PASCAL VOC challenges on objexjag localization relied on
this technique.

After the introduction ofintegral Imagein [164] for fast object detection, sliding window based
method became the most preferred method. It became possible to quickly teofeatures for ex-
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tremely large number windows by using integral images. The other two majtrilations of [164]
were: feature selection witAhdaBoostand combining classi ers in @ascade Their face detection
system was most clearly distinguished from previous approaches in its &bitigtect faces extremely
rapidly. This was followed by great progress in object detection and mreatlyods which used sliding
window approach were proposed, [29, 34, 149, 161, 183] to ciaw.

The jointboost method for multiclass and multiview object detection was prdpngé49]. It was
based on boosted decision stumps, that reduces the computational arel samplexity, by nding
common features that can be shared across the classes (and/or vidwgsiletectors for each class
are trained jointly, rather than independently. They found that the featiglected by joint training
are generic edge-like features which generalize better and becasbarofg computational cost of
multi-class object detection is considerably reduced. Detlal [34] proposed Histogram of Oriented
Gradients (HOG) feature descriptor which gave excellent detectioftsdsuhuman detection. With
help of their HOG detector they won the VOC PASCAL2006 challenge forablgetection and it
became a very popular feature. The Exemplar model of [29] was anaghesuccessful method that
used sliding window with integral image to ef ciently compute the cost functioadaldiet al [161]
used Multiple Kernels with many robust features to achieve the perfornexteeding state of the art
for number of object classes in VOC2007 and VOC2008 challengeg {45,

There are two main drawbacks to sliding-window object detectors: (a) nibstlgetectors fail to
take into account contextual cues; (b) the detector window has only few aspect ratios making it
dif cult for articulated objects or objects with large intra-class variation.

3.2.2 Other methods

The appearance of objects of the same class such as cars, persdorbikadn natural images vary
greatly due to intra-class differences, changes in illuminations and imagititioms, and as well as
object articulations (person, bicycle). Part-based models provide garglzamework for representing
such object categories and handling above variable conditions, spedlst articulations.

One of the earlier successful methods using part-based represenfatiojects for learning to de-
tect objects was proposed in [4]. Generalized Hough Transformfq8] also uses highly exible
learned representation for object shape. Their method learns thespksss implicit shape model
(ISM), which is essentially a codebook of interest point descriptors &/ac a given class. Implicit
shape models can integrate information from a large number of parts anthéyudemonstrate good
generalization. J. Gall and V. Lempitsky [52] proposed an interestingpaph for object part detection
using a class-speci ¢ Hough forest. It is a random forest that classimage patches as a part of object
or not and directly maps the patch to the probabilistic vote about the possilalgoloof the object
centroid.

Recently, Felzenszwalkt al [48, 49] described an object detection system that is based on mixtures

of multiscale deformable part models. To train models with partially labeled data$ieeg latent SVM
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and use object parts as latent variables. Their system is able to repniegen variable object classes
and achieves state-of-the-art results in the PASCAL object detectidiernpes.

Ef cient sub-window search based on branch and bound algoritherbkan recently proposed by
C. Lampert and M. Blaschko [24, 25]. They argued that sliding windew lbeen effective in many
situations but suffers from two disadvantages:

it is computationally inef cient to scan over the entire image and test eversilplesobject loca-
tion, and

it is not clear how to optimally train a discriminant function for localization.

They addressed the rstissue in [24, 25] by using ef cient sub-windearch, a branch-and-bound opti-
mization strategy, to ef ciently determine the bounding box with the maximum sdahealiscriminant
function. This was further explored in [172], where an ef cient metladconcurrent object localiza-
tion and recognition based on a data-dependent multi-class brandiwand-formalism was proposed.
Blaschkoet al addressed the second issue in [16] by proposing a training strateggptwitcally op-
timizes localization accuracy, resulting in much higher performance thamsyshat are trained, e.g.,
using a support vector machine.

3.3 Random Forests in Computer Vision

Random Forest became popular in the computer vision community from the afidrkpetit et
al [80], Ozuyalet al [106]. They proposed methods for fast keypoint recognition usingomized
trees. In [106] random forest is employed to recognize the patchesusgling keypoints. [80] used
randomized trees as the classi cation technique and found it both fasglrior real-time performance
and robust. Many other papers have applied them to various classi ¢caggmentation and clustering
tasks [20, 26, 36, 79, 88, 94, 167, 174, 130, 133].

Textons [87, 159] and visual words [137] have proven powerisgrgte image representations for
categorization and segmentation. But the whole process of computingpdesciat interest points
(sparse or dense), then clustering them by K-means, followed bystewighbor assignment is ex-
tremely slow. Even with optimizations such as kd-trees, the triangle inequalify ¢4 hierarchical
clusters [101] it is not fast enough. Moosmaetnal [94] introduced more ef cient alternative in Ex-
tremely Randomized Clustering Forests - ensembles of randomly createdintystees - and showed
that these provide more accurate results, much faster training and teddilggaaeh resistance to back-
ground clutter in several state of the art image classi cation tasks.

In [133], Shottonet al extended [94] and proposed semantic texton forests for both Imageocateg
rization and Segmentation. These are ensembles of decision trees that¢ettt dn image pixels and
are ef cient and powerful low-level features. Other major work damémage segmentation are by
Schroffet al[130], Yin et al[174]. [130] investigates the use of Random Forests for class basald p
wise segmentation of images. They show the ability of Random Forests to combltiple features
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which improves the performance when textons, colour, lterbanks, a@GHeatures are used simul-
taneously. The bene t of the multi-feature classi er is demonstrated withnskte experimentation on
labeled image datasets.

The problem of classifying images and recognizing objects have betarestpising Random Forests
in [20, 88, 167]. [20] compared the performance of the random fibeess classi er with a benchmark
multi-way SVM classi er. The performance of random forest/ferns wasgarable to multi-way SVM
classi er but computationally they were far less expensive.

A method for localizing and recognizing hand poses and objects in real-tintesemted in [36].
In their work, the task of simultaneously recognizing object classes, ¢estdres and detecting touch
events is cast as a single classi cation problem. [120] addresses hupsarrgcognition from video
sequences by formulating it as a classi cation problem. They propossedmiection algorithm based
on random forests. In [52] a method based on random forests isnpedsi®r object detection. They
proposed a class-speci ¢ Hough forest, which is a random forestdihectly maps the image patch
appearance to the probabilistic vote about the possible location of the objeobid.

Existing work has shown the power of random forests as classi eraamdfast means of clustering
descriptors. We further explore their suitability to object detection in nesticres.

3.3.1 Random ferns classi er

To increase the speed of the random forest Ozugsal [106] proposed random ferns classi ers.
Ferns are non-hierarchical structures where each one consissebbfbinary tests (one at each node).
During training there are an ordered set of te&Stapplied to the whole training data set. This is in
contrast to random forests where only the data that falls in a child is takemdatmunt in the test.
As in random forests “leaves” store the posterior probabilities. Duriningeghe probability that an
image belongs to any one of the classes that have been learned durimgtimneturned. The result of
each test and the ordering on the set de nes a binary code for augelse “leaf’ node. So, a if fern
has N nodes then it will hav@N leaves. As in random forests, the test image is passed down all the
randomized ferns. Each node in the fern provides a result for theytiestrwhich is used to access the
leaf which contains the posterior probability. The posteriors are combinedtie ferns in the same
way as for random forests over trees.

3.4 Random Forect for Classi cation

In this section we show strength of Random Forest as a classi er expaafhyeby reporting its
performance for image level scene and object classi cation in high leetiufe detection task of
TRECVID'08 [3]. The TREC Video Retrieval Evaluation (TRECVID) [240] is aimed at promot-
ing content-based analysis and retrieval from digital video via open, redtdsed evaluation. In 2008,
they tested systems on ve tasks:
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surveillance event detection

high-level feature extraction

search (interactive, manually-assisted, and/or fully automatic)
rushes summarization

content-based copy detection

As a part of the Oxford-IlIT team we participated in the high-level feagxtraction task. The high-
level features are semantic categories like Cityscape, Street (scand),doat-ship (object) or some
action. In this task test videos, common shot boundary reference ftegheideos and the list of high-
level feature (HLF) de nitions are given. The task is to detect these sBoeategories or HLFs in the
given reference shot and return the list of at most 2000 shots fromesheollection for each HLF. The
list is ranked according to the highest possibility of detecting the presdiice bILF.

3.4.1 Dataset, Annotations and Evaluation

TRECVID (2008) provided development (100 hours) and test (1a0)alata of video sequences.
The development data was annotated in the collaborative effort [LOpo\Vstiots were annotated into
20 semantic categories: (Olassroom (2) Bridge (3) Emergencyehicle (4) Dog, (5) Kitchen (6)
Airplane. ying, (7) Two people(8) Bus (9) Driver, (10) Cityscape (11) Harbor, (12) Telephone(13)
Hand, (14) Street (15) DemonstrationOr_Protest (16) Mountain (17) Nighttime (18) Boat Ship (19)
Flower, (20) Singing

TRECVID also provides keyframes for each shot, there are a to#B®&i6keyframes in develop-
ment data an81274keyframes in test data. Some examples are shown in Figure 3.2. Note thdtgif
of these images, take any category there is lot of intra-class variation in tlture, shape, depth.

During evaluation (annotation) each feature is assumed to be binary, i.eitlités present or absent
in the given reference shot. TRECVID gives resultdrderred Average Precisioon test data using
the submitted runs. While building the system we experiment on developmer{idath divided into
training and validation) and ugeserage Precisioms a metric for evaluation.

3.4.2 Our Approach

For the high-level feature extraction task, we have used a combinatioifferedt visual features
with Random Forest. We used a reduced subset of MPEG i-frames &omséot, found by clustering
i-frames within a shot. The approach was to train the classi ers for all legélfeatures using publicly
available annotations [10]. Then run them on the test set and subsigguaek the test shots by the
maximum score over the reduced i-frames.

One versus rest classi ers are trained for all the 20 concepts. Fartest we have used two types of
node functions: (i) difference of two components and (ii) single comptofehe feature descriptor. We
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Classroom

Figure 3.2 Some examples of keyframes from TRECVID dataset
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usedl00decision-trees in the Random Forest and maximum allowed depth of a trd@wdsmber of
functions chosen at each nodg | was keptLlO0and number thresholds tried for each node-function at
each noder( ) was10. To further inject randomness each tree is trained ust@ipOrandomly selected
samples from the training data. We use a combination of features for exdPhfay + PHOG, PHOW
+ Color etc to train the classi er. Two appealing features of Random fergkich we require here are:
(i) probabilistic output and (ii) the seamless handling of a large variety oVisatures.

One global feature descriptor is extracted from each image. During tek@rfgature descriptor of
the testimage is passed down each random tree until it reaches a leaAfidlde posterior probabilities
are then averaged to obtain the classi cation score of the input image.

3.4.3 Visual representation: Appearance

These descriptors consist of visual words which are computed onsz dgid. Here visual words
are vector quantized SIFT descriptors [84] which capture the locéibspastribution of gradients.

Local appearance is captured by the visual words distribution. SIBETrig¢ors are computed at
points on a regular grid with spacimg pixels. We have used gray level representations for each image.
At each grid point, the descriptors are computed over circular supptrhes with radii r. Thus, each
point is represented by four SIFT descriptors. These dense featgevector quantized into visual
words using K-means clustering. Here, we have used a vocabulaB0of@rds. Each images is now
represented by a histogram of these visual word occurrences.

We have uset! =5, K =300 and radiir = 10; 15; 20; 25. To deal with empty patches, we zero
all SIFT descriptors with L2 norm below a thresho&D().

In order to capture the spatial layout representation, which is inspiréagyyyramid representation
of Lazebnik et.al. [75] , an image is tiled into regions at multiple resolutions. A dniato of visual
words is then computed for each image sub-region at each resolution level.

Finally, the representation of an appearance descriptor is a concateaftlie histograms of dif-
ferent levels into a single vector which are referred to as Pyramid Histogf&/isual Words (PHOW).
Here, we have used three levels at maximum for the pyramid representtiemlistance between the
two PHOW descriptors re ects the extent to which the images contain similaaagpee and the extent
to which the appearances correspond in their spatial layout.

3.4.4 \Visual representation: Shape

Local shape is represented by a histogram of edge orientations confipuéaath image sub-region,
gquantized intdK bins. Each bin in the histogram represents the number of edges thatrietations
within a certain angular range. This kind of representation is similar to theft@goal) words, where
each visual word is a quantization on edge orientation.

Initially, edge contours are extracted using the Canny edge detectoariEméed gradients are then
computed using & 3 Sobel mask without Gaussian smoothing. We have Wsed 8 bins for an
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angular range of [0, 180]. The vote from each contour point dependts gradient magnitude, and
is distributed across neighboring oriented bins according to the differeatwveen the measured and
actual bin orientation.

Finally the representation of Shape descriptor consists of concatendtibrse histograms in a
single vector. This descriptor is referred to as Pyramid Histogram of @de@radients (PHOG). Four
pyramid levels were used at maximum for this feature. Each level of PHOGrmsatized to sum to
unity taking into account all the pyramid levels.

3.4.5 Visual representation: Color

Another feature used is a colour histogram combined with a spatial pyramrdhim/image to jointly
encode global and local information. This is similar to the descriptor prapiosg7], except that we
guantize colors more coarsely for all the levels. We used 10, 8, 4 and 2dvia cell in levels from 0 to
3 respectively. These are appended to create the nal feature viéé¢dalso used feature vector created
without decreasing the number of bins with levels.

3.4.6 Experiments for Best Combinations

Classi ers were trained for all the classes using different combinatiéins o
features

— PHOW
— PHOW + PHOG
— PHOW + Color

pyramid levels

— level 1, 2 for PHOW.
— level 1, 2 and 3 for PHOG and Color.

node test

— single component of feature descriptor
— difference of two components of feature descriptor
— single + difference (selected at random)
To combine the features or node tests, one type is randomly selected frarartiténation. For
example, if the combination is: (PHOW + PHOG) + (level 2, level 3) + (singléffernce), then

randomly one feature from PHOW and PHOG, and one test from singlaiffedence are selected.
This makes 6, 18 and 18 possible combinations of pyramid levels and nodéotad3i$OW, PHOW +

37



HLF Feature Node Test AP

1 Classroom PHOW(3) + Color(2) Single 0.0229
2 Bridge PHOW(2) + PHOG(2) Single 0.0391
3 Emergency Vehicle PHOW(3) + Color(4) Single 0.0582
4 Dog PHOW(3) + Color(2) Difference + Single 0.2095
5 Kitchen PHOW(2) + Color(4) Single 0.0571
6 Airplane Flying PHOW(3) + Color(4) Difference + Single 0.0482
7 Two People PHOW(3) + Color(4) Difference 0.1141
8 Bus PHOW(3) + Color(3) Difference + Single 0.0768
9 Driver PHOW(2) + Color(2) Difference + Single 0.0775
10 Cityscape PHOW(3) Difference 0.2171
11 Harbor PHOW(2) Difference + Single 0.1930
12 Telephone PHOW(2) + Color(3) Difference + Single 0.0105
13 Street PHOW(2) Difference 0.2249
o1 Deronstration PHOW(2) + Color(3) Difference + Single 0.0865
15 Hand PHOW(3) + Color(4) Difference + Single 0.1507
16 Mountain PHOW(2) Single 0.1309
17 Nighttime PHOW(3) + Color(2) Difference 0.2759
18 BoatShip PHOW(2) + PHOG(3) Difference + Single 0.2764
19 Flower PHOW(2) + Color(3) Difference + Single 0.0735
20 Singing PHOW(2) + Color(4) Difference + Single 0.0445

Table 3.1 Classi cation results on Validation set using the best combination of fegbyramid level
and node-test.

PHOG and PHOW + Color, respectively. So, we have 42 possible combisdtio each category or
HLF.

The advantage of the random forest classi er is the speed of trainiddemting. Because of fast
training and testing it was possible to traif classi ers on training data for each concept and nd the
best combination by testing on validation data. The best combinations for diLtRe are reported in
Table 3.1 with results on validation data. With each feature type the numberarhylevels used are
given in parentheses. For example, PHOW(2) means pyramid level nirabell are used.

Our method worked well for classes like Dog, Cityscape, Harbor, Stideeirl, Mountain, Nighttime
and BoatShip. For other concepts like Classroom, Bridge and Telephone in partresiats are not
good. Itis dif cult to capture the variations present in these classesefample take telephone (see
Figure 3.2), the de nition saysany kinds of telephone, but more than just a headset must be visible”
It can be a cellphone or normal telephone, with person talking or lying da,talith different back-
grounds/context. Similarly it is very dif cult to represent categories likesStaom, Bridge, Singing,
Kitchen Demonstratior©Or_Protest etc with just visual features.
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Figure 3.3 Inferred AP for the HLFs: our score (dot), median score (dashed)bast score (box).
Inferred AP is estimated using 50% samples.

We observed feature that contributed the most was PHOW. Though Caonelpful for Nighttime,
Hand and Flower, but in most of the cases there was only slight improvamém performance by
adding other features.

3.4.7 High-level feature results by TRECVID

TRECVID uses inferred average precision (inf AP) [173] for evihgathe feature task. One run
C_OXVGG 4.4 was submitted using only Random forest approach for all concepepeXwo People.
The plot in Figure 3.3 gives the inf-AP for scored by our method for alFsliexcept feature numbér
(Two People). It compares our score with the best and the median efssoball the teams by feature.
Relative performance of our approach was good for Dog, Citys@ipeegt and Hand. Our scores came
over the median for all the classes except kitchen and airplane.

Some visual results form test set are shown in Figure 3.4(a) for strddiigure 3.4(b) for hand.

3.5 Object Detection System and Dataset

In this section, we give details of training, testing and post-processing deetkie use for object
detection. VOC Dataset and detection challenge are also explained.
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(b)

Figure 3.4 Top 10 results (distinct scenes) of (a) Street and (b) Hand.

3.5.1 Training

Each Random Forest classi er is trained to discriminate between candatsitons that do and do
not contain an instance of the object of interest. A one-versus-resdi eais trained for an object
category. The trees we train here are binary and are constructed irdawspmanner. For node test we
have a node function (difference of two components of the featurenyeutd a threshold. Number of
decision-treesI(), number of functions per nodag), maximum depth are varied from case to case. For
training number of positive and negative data samples are required. rdtiedgtruth object instances
(Region of Interest or ROIs) for a class, plus a number of jittered instaftwoth from original and
ipped training images), are used as positive samples. Regions that dovedap the target object
instances by more than 20% are used as negative samples. The aspeftthe detector window is
found from the aspect ratios of the ROIs in the training set.
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3.5.2 Testing and Retraining

While testing we use a sliding window approach, where a detector windowledat all positions
and scales of an image. The aspect ratio of the detector window is foumdtifie aspect ratios of the
ROIs in the training set. Because the number of possible negative sampleshgantly large and it
is important to nd a proper representative sub-set. This is done by toapgsng or retraining each
classi er as follows:

Train a classi er using positive and negative samples from training data.
Run the classi er over the training images.

Compare the detections with the ground truth ROIs, and label them as faliggmif the overlap
is less than 20%.

The top false positives are used as hard negative samples and adetadide negative set for
retraining.

After one or two rounds of retraining the classi er is ready to be run ondata.

3.5.3 Post-processing

In case of sliding window based detector, strong positive responsédmet even if the detection
window is slightly off-center or off-scale on the object. Also when clagsi are trained separately
for different poses we have multiple detections for the same object instédtse a reliable detector
would not re with similar con dence and frequency for non-object wingo So there is need of a
post-processing step to merge multiple detections and suppress odd &itsepo

Figure 3.5 Post-processing: On left, a typical result after scanning the binargi@ascross the test
image at all positions and scales is shown. Results after non-maximum ssippris on right.
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Robust non-maximum suppression techniques are proposed in litefdtubalal et al[33, 34] used

a technique which maps each detection to 3-D position in scale-space. Ehedn shift mode detec-
tion algorithm is applied to each detection which provides local smoothing ofeteetibns. The result
is that strong and overlapping detections (nearby ones in 3-D posite@da-sgace) cluster together. We
use a very simple technique for non-maximum suppression given in [IB814. most highly ranked
candidate is selected, all other candidates with an overlap greater thaar2d®moved and the pro-
cess is repeated until a safe number (images do not contain more than stemces of an object) of
candidates are selected.

3.5.4 VOC PASCAL dataset and Object Detection Challenge

The PASCAL Visual Object Detection Challenge (VOC) [42] data consisasdew thousand images
annotated with bounding boxes for objects of twenty categories (e.gbusarirplane, ...). Along with
bounding boxes the views or poses are also provided for each olgtade agrontal, rear, left, right
or unspeci ed Ground truth also has information if the object is truncated or occludeereTdre four
sets of images providedain, val, trainval (union oftrain andval) andtest

Thedetectionchallenge is the following: predict the bounding box and label of eaclcofsjm the
target classes in a test image. Each bounding box is output together withdeicoe value, and this
value is used to generate a precision-recall graph for each clastiDeseare considered true or false
positives based on their overlap with ground truth bounding boxes. Tédap between a proposed
bounding box R and the ground-truth box Q is computed as:

areajQ\ Rj

aregjQ[ Rj
An overlap of 50% or greater is labeled as true positive. Any additionatl@apping bounding box
(duplicate detections) are rejected as false positives. Performancenisnéesured by the average
precision (AP). Full details of the challenge, including the results of atiggpants, are given at [42].

3.5.4.1 Features and Object Detector

The descriptor for appearance of the Region of interest (ROISs) is atadusing different features.
We construct the descriptors in a manner exactly similar to [161] using apgnescode [160].

Dense words (PHOWGray, PHOWCol¢tP]: Rotationally invariant SIFT descriptors are extracted
on a regular grid each ve pixels, at four scales (10, 15, 20, 25 pixeii), zeroing the low contrast
ones. Descriptors are then quantized in 300 visual words. The catgiome stacks SIFT descriptors
for each HSV color channels.

Histogram of oriented edges (PHOG180, PHOG3§84, 19]. The Canny edge detector is used to
compute an edge map and the underlying image gradiérip) is used to assign an orientation and
a weight to each edge pixel p. The orientation angle is then quantized intgightvith soft linear
assignment and a histogram is computed.
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Again we use spatial layout representation of [75] and a three-levahpyg of spatial histograms is
computed for each feature. All the histograms/descriptors’arermalized.

3.6 Random Forests Vs Support Vector Machines

Support Vector Machines (SVMs) is one of the leading techniques wuseatiscriminative classi -
cation in vision tasks ranging from detection of objects in images like pedes{84n96], cars [108]
and others objects [49], multicategory object recognition in Caltech-1817H], to texture discrimi-
nation [179]. Part of the appeal for SVMs is that non-linear decisiambaries can be learned using
the so called kernel trick. Though SVMs have faster training speed aechpa variants of boosted
classi ers, the run time complexity of a non linear SVM classi er is high.

It can be advantageous to use Random Forests over SVMs or boostingde of the following
properties:

their computational ef ciency in both training and classi cation

independence of the trees allows for easy implementation and parallelisB})([13

their probabilistic output

the seamless handling of a large variety of visual features (e.g. colgturdeshape, depth etc.)

the inherent feature sharing of a multi-class classi er (see also [14%¢&ure sharing in boost-
ing).

3.6.1 Support Vector Machines

Support vector machines (SVM) are a widely used tool in the machine lgganithcomputer vision
community. They were motivated by results of statistical learning theory dguhalty developed for
pattern recognition they are now described in various books [129,dVjutorials, e.g. Burges [23].
The basic idea is to learn a hyperplane in some feature space in ordeatatsdgpe positive and negative
training examples with a maximum margin, thus called maximum margin classi ers. A&s{32] for
an early reference. There have been various extensions and impaoigeover the years. One example
is the recent variation [155] to enable the learning of structured outpgespnstead of simple two or
multi-class classi cation problems. Baeht al[11], Varma and Ray [158] extend SVMs to multi-kernel
learners, which combine various base kernels into an optimal domain-spexiel.

Straightforward classi cation using kernelized SVMs requires evaluatiagkernel for a test vector
and each of the support vectors. The complexity of classi cation for B$¥ing a non linear kernel is
the number of support vectorsthe complexity of evaluating the kernel function. The later is generally
an increasing function of the dimension of the feature vectors. Since tirgtesexpensive with non-
linear kernels, linear kernel SVMs have become popular for real-timkcagtipns as they enjoy both
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Random fast IKSVM
Training Pose Forests C=0.1 C=0.05
Round Time | Memory | Time | Memory| Time | Memory

(second)| (MB) | (second)| (MB) | (second)] (MB)
F+R 212 122 626 362 804 360
Round 0| L +R 258 125 1137 396 1052 394
U 319 126 1518 482 1714 490
F+R 440 235 1740 630 2179 626
Round 1| L+R 497 239 2610 670 2978 672
U 659 241 3654 680 4464 685

Table 3.2Time and memory requirements while training

faster training and classi cation speeds, with signi cantly less memory requénts than non-linear
kernels due to the compact representation of the decision function. Buddimss at the expense of
accuracy ([86]) and linear SVM can not be used on tough datasets Gke RASCAL.

There has been a fair amount of research on reducing run time complé&xitndinear kernels
[22, 69, 105, 177]. These approaches are either aimed at redueinuthber of support vectors by
constructing sparse representations of the classi er, or reducingittendion of the features using a
coarse to ne approach. In [86], an orthogonal approach is megdor speeding-up intersection kernel
SVMs (IKSVMs), a classi er which have been successfully used &iedtion and recognition [53, 75].
Maji et alhave shown that one can build (IKSVMs) with runtime complexity of the clas$bgarithmic
in the number of support vectors as opposed to linear for the standarsap. In the next subsection
we compare the performance, training and testing times and memory requirerhdass IKSVM
of [86] and Random Forests for object detection. For fast IKSVM, ékact version using binary
search is used for the comparison.

3.6.2 Comparison

We experiment on PASCAL VOC 2007 [45] dataset for car detections8etion 3.5 for the details
of the dataset and training, testing, retraining and non-maximum suppressibods for object detec-
tion. We train usindlrainval set and test ofiestset. The training data is divided based on the poses or
views of the object instances and train separate classi ers for eacB@®ae poses are relatively easier
to learn than others, thus we can also compare how performance varidsawviting complexity.

3.6.2.1 Training

We extract PHOG360 [20, 161] features from the positive (ROIs tointcars) and negative sam-
ples taken from training data. Then Random Forest and fast IKSVNMraireed (round 0) using these
features. In each case we train classi ers separately for Frontai+Refa+Right and unspeci ed poses.
So we have three Random Forests and three IKSVMs trained. We rundilredassi ers over the train-
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ing data to nd hard-negatives for each of them and then retrain (rd)itiae classi ers with respective
hard-negatives added. There were 175, 222 and 332 positivedesafopFrontal+Rear, Left+Right
and unspeci ed poses respectively. From each positive sample 40ditew ipped instances were
generated for the nal positive set. Around 30K negative samples saeeted (6 taken from an image
at random) fronilrainval set for each pose in round 0 and 20K high scoring false-positives agaed
to the negative set in round 1.

Table 3.2 reports the time and memory requirements for both the classi ersefdwthrounds of
training. For fast IKSVM we use code provided by [2]. The training timd aerformance depends
signi cantly on C parameter for SVM. The C parameter was varied and €e0tb, 0.001, 0.05, 0.01,
0.1, 1, 5, 10, 100 and 1000. The values performing bestesiset were found to be 0.1 and 0.05.
For Random forest we use 100 decision trees each of maximum deptbdiesfumctions per node)
=100, and thresholds per node § = 10. Memory requirements for Random Forests is half of that of
SVMs as only half of the training samples selected randomly were used to tlairisaon tree. In case
of Frontal + Rear pose in round 0, time taken to train Random Forests i$ ladldor one-third of that
of IKSVM (for C=100, 1000). But with increase in number of samples l@agining complexity (other
poses are more dif cult to learn) the training time for IKSVM increases rgpighile it is more stable
in case of Random Forest.

3.6.2.2 Testing

The trained detectors are run ov@standTrainval set using Sliding window approach, followed by
non-maximum suppression. We evaluate the result by usual VOC methgdiegaction/localization
is considered true positive when the area overlap of the detected bgtmohnwith groundtruth is
more than 50%. To each detection a con dence score is assigned by $isearlaFig 3.7 shows the
precision-recallplots of the results on test and train set. Table 3.3 compares the results ef¢btods.

Random Forest detector obtains better Average Precision score laefdafter bootstrapping. The
difference ranges from 6% to 11% across the poses on test datagifaatrit is even more. Though
IKSVM has inferior AP score but it achieves higher recall in some ca$ésgre is slight over- tting
in RF. It's performance relative to fast IKSVM on test set is not as ga®that on trainval set. While
testing, time taken by fast IKSVM to classify around 50K samples ranges &@ to 4 seconds de-
pending on value of C parameter (or number of support vectors). RFL@@trees takes approximately
2 seconds for the same task. With o2§ trees also, which 5 times faster, RF performs better than
IKSVM (Fig 3.7). All the experiments are done on an AMD Athlon Dual Coredessor (3GHz) with
4 GB RAM.

Random Forest shows promising results as an object detector. It estiietter AP and speed than
fast IKSVM, specially for left+right and unspeci ed poses it outpeniis IKSVM. We have seen here
that with its speed and accuracy it can serve as a robust object detecsection 3.7 we experiment
with Random Forest using multiple features, and increasing the numbeesf tre
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Figure 3.6 VOC 2007 car detection: Performance of Random forest and fastNMK&mpared in the
precision-recall plots for test set (left) as well as trainval set (rigbmparison is done separately for

Pose: Frontal + Rear (Test set)

Pose: Frontal + Rear ( Trainval set)
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(a) Frontal + Rear, (b) Left + Right and (c) Unspeci ed poses.
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Figure 3.7 VOC 2007 car detection: Performance of Random forest and fasfNMK&mpared in the
precision-recall plots for all the poses combined.

Random fast IKSVM
Poses| Test Set Forest C=0.1 C=0.05

Avg Prec| Recall | Avg Prec| Recall | Avg Prec| Recall

F+R Trainval 45.9 58.8 29.5 54.4 33.8 54.4
Test 37.7 55.1 30.1 57.8 31.9 57.8

L+R Trainval 38.5 49.7 15.7 43.1 17.2 42.1
Test 25.7 46.9 17.0 45.3 175 47.2

U Trainval 38.8 51.5 135 41.0 14.4 41.8
Test 27.7 49.4 16.5 45.8 16.5 43.0

Al Trainval 42.2 514 195 41.5 19.0 40.4
Test 32.3 49.5 214 44.9 21.9 43.8

Table 3.3Testing on VOC 2007 car: Performance comparison

3.7 Random Forest for Object Detection

In this section we present baseline results with Random Forests for algjesttion. We use the
state-of-art features (PHOW, PHOG) [19, 20, 34] and technigueas,eanploy Random forest as the
classi er. Object localization experiments are done on PASCAL VOC2@0tar dataset. We also
observe the effect of different parameters of random forest.

The random forest object classi er is learned as per the details giveedtion 3.5. We divide the
training data into disjoint sets based on the views of the object instancesasimddparate classi ers
for each set. This is important because it simpli es learning as there is sonmeraig among the
object instances of same pose or view. Also object instances of samgqreeally have similar aspect
ratios, this helps during testing. While testing we use one or more represgeriiatinding boxes or
templates per classi er as sliding detector window chosen based on theifiRtBstraining set. Each
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Figure 3.83-Pose 1-Template: Performance of different features are compsiregl 100 tree RF (left)
and 1000 tree RF. Large improvement is achieved by combining the features

template has a xed aspect-ratio which may slide in scale-space (scalessamgust in space (scale
remains constant). The aim is to cover the variation in aspect-ratio and yaadinly a set of templates

with a classi er. So, given a test image we run RF detectors trained fardift poses and combine the
results to get nal detection results. Results for different poses arbiowd by applying non-maximum

suppression on ROIs detected by all the pose classi ers. Differeastgpclassi ers based on training

(number of poses or classi er per class) and testing (humber and tyfgenplates) can be de ned as
N-Pose, M-TemplataNVe analyze performance and ef ciency of some of the possible classi e

3.7.0.3 3-Pose 1-Template Classi er

The training data is divided into 3 sets based on posesfréhjal+rear, (2) left+right and (3)
unspeci ed Each classi er slides one window of a xed aspect-ratio found by takirepn of aspect-
ratios of the bounding boxes in the associated set. While running classiesyaluate around 150K
to 180K windows per image with all 3 pose classi ers. We use two valuesuorher of decision trees
(T), 100and100Q each tree has maximum defdf Other parameters are set as: thresholds per node

= 10, node-functions per node{) is set to100for PHOG features and t800for PHOW features.
Each tree is trained with 50% of the total samples selected at random.

Precision-recall curves in Figure 3.8 compares the performance efeatitf features. Better results
are obtained by using PHOW features in both the cases. Combining fegieleds a signi cant im-
provement in Average Precision. Using 1000 trees we have improvererare than 1% in each case
except for PHOG180 and for combination of features AP increasesABy.1
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Figure 3.95-Pose 1-Template: Performance of different features are compsiregl 100 tree RF (left)
and 1000 tree RF. Large improvement is achieved by combining the features

3.7.0.4 5-Pose 1-Template Classi er

The training data is divided into 5 sets based on the given 5 poses. Stas& ers are trained each
associated with a set and an aspect-ratio chosen from that set. Ramg@stnplarameters are same as
used for 3-Pose 1-Template classi er. We also run on lesser windomisnagge per pose classi er so
that total number of windows evaluated remains same as that for 3-Pa=aflafe.

Figure 3.9 shows precision-recall plots of different features fonsePL-Template Classi er. Here
performance with PHOG remains similar to what it is obtained in case of 3-R@eeplate, but APs
with PHOW drop. This is probably because of lesser number of training Isamper pose to learn
PHOW feature which have higher dimension (6300) than PHOG (336).

Some examples of car detection from VOC20@5tset are shown in the Figure 3.10. The local-
ization results after non-maximum suppression are in green. We also doawdgruth ROIs in yellow
to show the detection overlap and false negatives. High scoring deteofi@ass of different sizes,
orientation and variations are included. Correct detections are drawaeén @nd false positives in red.
Some false negatives are present in last two rows which occur mainly duentation, occlusion and
very small size. There are instances shown in the last row where trdreateare also detected.

3.7.0.5 Effect of Random Forest parameters

Here we analyze the effect of random forest parameters on penficar@and speed for object detec-
tion. We basically experiment by varying one of the three: number of fimgigtions per noden ),
number of thresholds per node)(@nd number of treedl(), while keeping the other two constant. We
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Figure 3.10 Some examples of localization on VOC2007 Test set after non-maximum esgoqn.
Detections are shown by green boxes and groundtruth ROIs are drgwhow.

again take car as the target object andttmia set for training and test oral set of VOC 2007. Classi er
used for this experiment is 3-Pose 1-Template RF and feature used is¥800G

As default we setT = 50, n = 50 and = 8 and vary one at a time. Maximum depth for each
tree is kept 10 and 50% randomly training samples are used to train eaclmteaeh case, classi er is
trained 5 times and the meanaferage precisionis reported. In Figure 3.11(a),is varied from 1 to
26 and in Figure 3.11(aj; is varied from 1 to 150 with constant parameters kept at their defaultsialue
Initially AP increases with number of features and thresholds for Bietim andVal sets but after a point
it becomes stable. Variation inor ny doesn't effect the testing time but training time increases linearly
with each of them.

Plots in Figure 3.11(c) show the effect of number of trees on the perfamatverage Precision
increases rapidly for rst 20-30 trees and increases considerabf0fH120 trees and then saturates or
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Figure 3.11 Effect of (a) number of thresholds per node,((b) number of node-functions per node
(nt ) on average precision, (c) and (d) tre&3 on average precision.

grows slowly. Random Forest do not over- t when number of treesdeeimsed and improvement can
be expected by using very large number of trees. We do one more experiowe onTestdata, with
number of randomized trees increased upto 1000. Figure 3.11(d) $toowA&P changes for different
features and there combination. For every case there is some improvemegih thot much. For
combination of featureAP improves by 1.4% to 44.5%. The best result for 'car' category among all

methods submitted to the VOC 2007 challenge was 43.2%.

We gain 1%-2% by using 1000 trees but this increases complexity by a tH&toFhere is a need
to improve ef ciency, keeping the performance same. We address this iisshe next section by the
observation that a small number of trees can also provided decenaegdudetection.
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3.8 Speeding up with cascade structure

The baseline random forest object detector is almost as accurate agfstdtstill the ef ciency is
not enough for many applications. The main technical obstacle is seaifchitite best region in the
scale, space and aspect-ratio. This also increases training time as multipls rfbootstrapping are
required. Exhaustive search requires number of operations piapeairto the number of regions tested
by the classi er, which typically ranges in4 10*to2 10%

Layer 1
PHOG360 computed Random Forest :
for all N ROIs ::> Classifier Roigv;gé o
RF Classifier <=———=  PHOW Gray
Combining output of RF Classifier <(=——=  PHOW Color
different classifiers and <:|
Non-maXIr_num RF Classifier <(——= PHOG 180
suppression
- RF Classifier <=—=  PHOG 360
Post-processing
Layer 2 and 3: Battery of feature
specific RF classifiers

Figure 3.12Cascade structure of classi ers and features.

We use cascade of increasingly strong classi ers similar to [161, 185deed-up. This is natural
to random forests and can be done by increasing number of treesarsgddsi cation. For example
if we have a RF classi er withT trees which is used as layers. In any layer only a fraction,fT;,
of total trees are used to classify and based on the detection scorestoplfraction,fR .1 , of total
regions are passed to the1™" layer. In this way ii" layerfT; T trees are used to classiig; N
regions, wherd is the total number of regions to evaluate from an image. Speed up obtainesthiy

L layers would be:
1

Pt
- fTi TR

In our experiments we use Random Forest in three layers. We obsatugytketting T 1 = 0:025
fT,=0:1,fT3=1 andfR; = 0:1( D with T = 1000, there is no or very less loss in performance.
And the speed-up obtained for classi cation over baseline RF with 10@8 tsearound 22 times.

Unlike [161, 165] we build cascade which is also based on complexity of atingpfeature descrip-
tors. PHOG is used in the rst layer which can be computed quickly for alINheumber of regions.
Based on detection scores only afép, N regions are passed to the second layer. PHOW descrip-
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tors are computed only for these top ROIs which saves descriptor compudiditg with classi cation
time. Computings300dimensional PHOW descriptor using vocabulang00 (300 integral images are
used) is aroundOtimes slower than computing PHOG. Now this computation is only done fafrgop
fraction of total ROIs visited. Practically, the time required to compute descsifoeduced by a factor
of ﬁ by using the cascade. Figure 3.12 demonstrates our Cascade structure.

Tables 3.4 and 3.5 summarize the results of our system on the VOC 200bi(gate and boat)
and 2009 (aeroplane, motorbike and boat) datasets. Type of classeedrig 3-Pose 1-Template. The
performance with cascade is as good as the baseline system but with aigrsgeed-up. To classify
and compute descriptors (all 4 features) for 45K samples it requirgsxppately 3 seconds and 1.8
seconds respectively. We also compare our result with other systernsstaed the of cial competition
in 2007. Our results are better than the team ranked 1 in VOC 2007 fonddooat. For VOC 2009 the
results shown are on validation data (training is done on train set) as thedgnath for the test set is
not available.

car bicycle boat
a) baseline 445 38.5 9.5
b) cascade 44.3 37.7 9.5
c) voc07 (rankl)| 43.2 49.9 9.4

Table 3.4 PASCAL VOC 2007 results (test set): (a) average precision scordgdiase system, (b)
scores using cascade, (c) top result in VOCO07

aeroplane motorbike boat
a) baseline 38.0 26.4 9.9
b) cascade 37.3 26.1 9.7

Table 3.5PASCAL VOC 2009 results (validation set): (a) average precision sagrthe base system,
(b) scores using cascade

Some examples of detection are shown from VOC 2007 and 2009 dataggitia B.13. The correct
detections are shown in green and ground-truth bounding boxes @sa $h yellow. False positives
cases are highlighted by red color. Again false negatives occur mairéy whject is truncated, oc-
cluded or of very small size.

3.9 Extended ROls

There are lot of variations in shape and appearance of objects,dsueused by extreme viewpoint
changes) that are not well captured by a single template (or aspect misoommon to use multiple
templates to encode view or pose variations, for example separate templdtesta and side views
of faces and cars [128]. To interpret the variations in large and difdatasets like TRECVID or VOC
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e

M&orb—ike

Boat

Figure 3.13Examples of high-scoring detections on the PASCAL 2007 (top 3 rows2@08 (bottom 3
rows) datasets. Last two images in each row illustrate false positives eniedgtives for each category.
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Original ROls

Extended ROIs

Figure 3.14Top row shows the examples of original ROIs for classes bicycle andmratheir extended
ROls are shown in the bottom row. Note that all the extended ROIs of sasgehadae same aspect ratio.

it would require many templates. Applying them over such a large datastetsimg/bootstrapping is
computationally very expensive. To deal with this we use what we c@lkéended ROIls

Extended ROIls are obtained by extending the original ROIs such thapistastio becomes the
selected one and its center coincides with the center of original ROI. Thigsalle to use only one
aspect ratio and still cover for large range of aspect ratios while tegtiggre 3.14 shows the original
ROIs from and their extended versions. While training Extended ROIs uwssrd as the positive samples.
Then all the training ROIs as well as the detector window (while testing) hashiine aspect-ratio. The
detected windows were also extended ones with object at its center. Witlpgnsaah we only search
in scale and space as the aspect-ratio is constant. We found this veny fosefur classi cation by
detection approach for high-level feature extraction task in TRECVIO94Bee section 3.9.1).

3.9.1 TRECVID 2009

Details about TRECVID tasks, dataset, annotations and evaluation areigigection 3.4. As a part
of the Oxford-1lIT team we participated in the high-level feature extractask of TRECVID again in
2009. Like TRECVID'08 this time also one of our approaches was basadmdom forests. There
were some major changes in our approach for TRECVID'09:
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Classi cation by detection: In 2008, we used random forest for wholegeneassi cation but
this time we focused on object categories with sliding-window random folgett detector.

Removal of noise from TRECVID annotations: We found the collaborativeotations for the
TRECVID high level features to be quite noisy. Some shots are wronglgtated, and others
are labeled as 'skip' when they are, in fact, unambiguously positive gathe for the feature. To
remove this noise in the annotation, we used a weak classi er trained on igyedsada for each
high level feature as follows:

— Train a classi er using all the +ves and a subset of -ves in TRAIN and $8ts according
to the Collaborative Annotation.

— Re-rank all the images in the TRAIN+VAL set based on the classi er output.

— Re ne the annotations of the top 5000 ranked images.

In this manner, we could nd many of the wrong annotations with minimal mandaitefThis
re nement was found to be very effective.

Use of extra data: Additional data was taken from sources like ickeogi@which for under-
represented features (like bus) signi cantly improved performance.

Bounding-box level annotation: The images containing the target objegiages were manually
annotated by marking the bounding box of the visible area of the object.

3.9.1.1 Classi cation by detection

One versus rest random forest classi ers were trained using thndrouth bounding-boxes for the
target object. For representing we use only PHOW (explained in ) agdéeadut performed best in our
earlier approach (see 3.4.6).

For detection we experiment with our baseline object detector and the dok ishrained orEx-
tended ROIs The con dence score of a test image is the maximum of the classi catioresaufrthe
regions in it. In our baseline object detector we use only one view and ot (1-Pose 1-Template
classi er). As the dataset is very large (209990 keyframes) using muttphglate is very expensive.
The result of this detector for baahip class is reported in Table 3.6.

Training set Test set Training Round AP (50 trees) AP (100 trees)
Train Train 0 0.1435 0.1833
Train Validation 0 0.0294 0.0349
Train Train 1 0.3782 0.4386
Train Validation 1 0.1940 0.1977

Table 3.6Classi cation by detection results for Baghip: average precision scores of the base detector

before and after bootstrapping
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(c) Person-riding-a-bicycle
Figure 3.15 Top 15 retrieved keyframes are shown for (a) Boat-Ship and (b)Btsgories, (c)
Keyframes ranked from 71 to 85 are shown for Person-riding-actdcyop 70 are all true positives
coming from the same video.
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Training set Test set Training Round AP (50 trees) AP (100 trees)
Train Train 0 0.5340 0.5525
Train Validation 0 0.2552 0.3080
Train Train 1 0.5874 0.5876
Train Validation 1 0.2787 0.4106

Table 3.7 Classi cation by detection results for Bo&hip: average precision scores of the detector
trained withExtended ROIlbefore and after bootstrapping

When original ROIs were used average precision after one rouradrafting improved fron®:198
to 0:411. The result ofExtended ROlsletector for boaship class is summarized in Table 3.8. In-
spired by this signi cant improvement we trained classi ers uskwgended ROIl$or 3 other classes:
Hand, Person-riding-a-bicycle and Bus. Results for these classs tndined on Train and tested on
Validation are summarized in Table 3.8. Considerable improvement can bevethssn Validation set
when using 100 trees over 50 trees classi er. Our nal RF classi eith \Extended ROIs were trained
on DEVEL (Train + Validation) set and then are run on the TEST set. SonmaMesults shown in
Figure 3.15(a) for boat.

Top ranked keyframes for categories: Boat-Ship, Bus and PeidioigHa-bicycle are shown with
detected Extended ROIs in Figure 3.15 . For Boat-Ship and Bus top llfsraseidisplayed, in case of
Person-riding-a-bicycle all top 70 ranked results are true positieas the same video and are similar
to the rst four frames shown for this category in Figure 3.15(c). Sgfieenes ranked from 71 to 85
are shown here.

Category Training Round AP (50 trees) AP (100 trees)
Hand 0 0.2074 0.3056
Hand 1 0.2220 0.3736
Person-riding-a-bicycle 0 0.0758 0.1939
Person-riding-a-bicycle 1 0.2824 0.3443
Bus 0 0.0026 0.0141
Bus 1 0.0625 0.1316

Table 3.8Classi cation by detection result&ktended RO)s average precision scores of the detector
trained on Train set and tested on Validation set.

3.9.2 BBC

Classi ers trained on TRECVID data were run on the video data provige8BIC. This is a collec-
tion of 428 videos of TV programmes. The total duration of the videos is #2@shand in total there
are 137921 keyframes. The top retrieved results from BBC data annshd-igure 3.16 for Hand and
Boat ship categories. The results are very good considering that the siuraming data was different
and the generalization is excellent.
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Figure 3.16Top 15 results from the BBC video dataset for Boat or Ship and Hand aads.
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3.10 Summary

In this chapter, we have shown that Random Forest classi er candzbfasfast and accurate clas-
si cation and object localization. Its computational ef ciency in both trainimglalassi cation makes
it a promising choice. We have used a combination of different visualfesituith random forest for
the high-level feature extraction task of TRECVID'08. Random foisgiresented as a rapid object
detector with results on challenging datasets like VOC PASCAL and TREC¥IR®& achieved results
comparable to the best in VOC'07. In TRECVID'09, we used sliding windmsed RF detector for
four object categories (Boat-Ship, Person Riding a Bicycle, Bus andX&f ciency with accuracy of
random forest was a key factor in running the detector over such e deigset of about 200 thousand
key-frames.
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Chapter 4

Online Video Spotting and Processing

4.1 Introduction

In last few years, due to cheap storage, bandwidth and imaging hadweye amount of multimedia
data is being generated and stored. The world is covered with millions of aamith each recording
a huge amount of video. With this ubiquitous video content there is a neadodgsing online video
sequences for information extraction and data mining. In online proceis$ngery important require-
ment to be able to retrieve video clips as and when they arrive. So, siftiogghmillions of videos to
nd visual content of interest needs to be automated.

The aim of this chapter is to address online content based processiogtimfunus stream of videos
to detect video segments of interest. Our approach is example-basezivigher content to be detected
or ltered is charaterized by a set of examples availapgori. Example-based content-level processing
of multimedia, has been popular in video and image retrieval literature [101,143]. The focus has
been onidentifying appropriate descriptors [147] and developingldeagastems which enable ef cient
retrieval from millions of images or video key-frames [101, 137]. Therediso been signi cant interest
in characterizing and recognizing activities and semantic concepts fraa gikamples [70]. This class
of algorithms, rstlearn to characterize the events from training data bypeing a classi er, and then
apply the learned concepts in new situations.

However, many concepts of practical interest are not easy to reprase learn. For example, the
concept of violence is a dif cult concept to characterize, even forstihge-of-the-art machine learning
algorithms. One may also come across categories like commercials in video strbaidhave high
within class variance and relatively small inter-class variance. On theludinel; many of these concepts
can be described with the help of examples. This allows us to model the prelsisimultaneous
spottingin a video stream. This approach could meet the immediate requirement okgirarer
Itering the video stream based on the visual content.

In many practical situations, a human is present within the loop of a vide@gsow system. For
example, a human operator is often associated with surveillance videgiragéor initiating actions
based on the video content. In such caeadjne spottingf relevant information from a video sequence
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Input Video ——— Filter —— QOutput Videc

Index Structure of Example Videos

Figure 4.1 Overview of the Example-based Video Processing

can be of immense help. We demonstrate that this is feasible even when aregmgnition of the
speci ¢ concept is probably impossible.

We approach the problem of video processing in a manner complimentaryt tf thdeo retrieval.
We begin with a set of examples (traditional “queries”) which are indexelddrdatabase. The larger
video collection, which needs to be processed, is unseen during the éfidfexing phase. The video
collection is processed on-line, to identify the concepts represented lgyviire set of examples. In
a way, what we are interested is in spotting rather than retrieving. Traditietneeval systems focus
on scalability to large databases for ef ciency in retrieval. Our focus igmancing the throughput
of the system and making the algorithm capable of simultaneous spotting of mukgigpkes. Our
formulation also effectively utilizes the sequence information of the videarstreather than treating it
as a set of frames.

In this chapter we have presented a survey of existing approach ®wideb processing in general
and our example based method for online processing of videos. Theideeiof example based video
processing is presented in Figure 4.1. We present results for comnrerialal and content based
copy detection (CBCD) as applications.

4.2 Video Processing Approaches

Content-based processing of videos has been proposed by diferemunities for various research
problems. These include:

Video retrieval
Filtering

— content based copy detection
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advertisement detection

action recognition

other specic lters

searches and mining in videos
Video summarization and segmentation

Adding Semantics

4.2.1 Content based video retrieval

Most of the content based image and video retrieval systems identify similectetio a given
query [35]. Both query and database objects are represented witalthefla set of feature descriptors.
Earlier approaches used color, texture and shape descriptors congbaibelly or locally to describe
the visual content of the images. This has been successful in retrieviggémath concepts which are
rather weak, (for example, “images with red owers” or “scene of a-sahnext to water”). With this
initial success, the focus shifted to retrieving speci ¢ objects (underlwigerying imaging conditions)
or object categories. Invariant description of interest points and pattdve been the key to the success
in these situations.

Image and video retrieval has been successfully attempted for retridvject® of interest invariant
to scale, orientation and illumination [101, 137, 171] in diverse multimedia collextibhese methods
primarily addressed the scalability issue towards indexing in large datab@kesvideos are repre-
sented by their key-frames, which in turn are described as a bag-oésiiegions. Features describing
regions-of-interest are quantized using K-means or hierarchical &sén an of ine phase to build a
visual-vocabulary for the given data set. The video collection is then edlagainst this visual vocabu-
lary. Once indexed, the database can retrieve videos correspondghmptt queries, such as a (part of)
an image or key-frame selected by the user. Another set of worksdeausbuilding ef cient indexing
schemes for multimedia collections. Successful examples include LSH [63hawsim[27, 28], pyramid
match hashing [54], vocabulary forest [171], etc. Vocabulary teeetieen used for ef ciently indexing
and retrieving large number of images [101]. A hierarchical partitionintheffeature space makes
the quantization ef cient. Also the retrieval and ranking of documents ianalsaneously achieved by
traversing the tree.

Focus of most of these approaches has been on indexing large aniooultimedia data to ef -
ciently search within the given collection. However, on-line structuregnidexing video streams has
received very little attention. One of the related problem which receivetsoterest in recent past is
that of adapting the index structure with changes in visual content. In tleistidin, Yehet al.[171] ex-
tended the notion of vocabulary tree to vocabulary forest while making tfexing process applicable
to dynamic environments.
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4.2.2 Content based video lItering

Content-based ltering of images and videos are attempted in literature fdicagigns like adult
content detection [51, 181], removal of commercials [30, 143], evetetation [83], copy detection [72]
etc. Most of these methods formulate this problem as an object/sceneiterogndetection by using
an appropriate classi er in the right feature space. For example, thes #éned at removal of adult
content or detection of re formulate the problem in an appropriate colacs83, 180]. In general,
example video frames are used in an of ine situation to learn the right modetiasai er. Then the
new unseen video frames are classi ed using the learnt model/classi@e® and reject Iters used
for commercial removal also employ similar techniques. Coloettad. [30] attempt to characterize the
commercials with the help of low-level features and classify the video segrimtatsategories With
the category of commercials becoming more and more diverse, such ciisi enodels in simple
feature spaces are found to be insuf cient.

Content-based copy detection (CBCD) techniques have receivedsagrattention in recent years [64,
71, 170]. Yanet al. [168] performed content based copy detection over streaming videmsusFof
research has been on de ning the right set of descriptors which gagiamt to the allowable set of
transformations [72]. There has also been signi cant concern aheutomputational complexity of
this class of algorithms because of the practical applications in video steystgms. In [27, 28] the
similar problem of near dublicate detection is addressed. Mining the vidgerdaran help in getting
important information regarding the internal structure of large video da&si89, 113]. Video mining
has been used for automatic video annotation [95], to extract principadtsbcharacters and scenes in
a video by determining their frequency of re-occurrence [138].

Action recognition has been an active research topic and many methabédevproposed. Recent
methods for action categorization have used local spatio-temporal fea&burkaracterize the video and
perform classi cation over the set of local features [70, 89, 106].17

4.2.3 Video summarization and segmentation

Video summarization is the process of creating a presentation of visuaiafimn about the struc-
ture of video, which should be much shorter than the original video. Tligsadiion process is similar
to extraction of keywords or summaries in text document processing.ig,va¢ need to extract a sub-
set of video data from the original video such as keyframes or highlightaiwies for shots, scenes, or
stories. The result forms the basis not only for video content repias@mbut also for content-based
video browsing. Video summarization techniques have been proposgediarto offer people compre-
hensive understanding of the whole story in the video [9, 37, 107]t Aaxe been also used in form
of caption and transcript to judge the boundaries of scenes or stoBg$44]. Most previous works
on video summarization target on a single video document.The results atly usdandant due to the
lack of inter-video analysis. In [166], an approach is proposed fdti-iocument video summarization
by exploring the redundancy between different videos.
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Video segmentation or shot boundary detection esentially invloves examirg@ngftimation con-
tained in individual video frames and comparing this with other nearby framdstermine if a shot
change has taken place. A number of methods have been proposeahierdomparison and for han-
dling gradual transitions to solve this problem [152, 153, 178].

4.2.4 Adding Semantics

It is dif cult to map low-level feature (color, texture, shape, motion) dgg@®n into semantic con-
cepts (such as person-riding-bicycle, cityscape or car-racingsgeBecause of this semantic gap it is
dif cult to process high-level queries such as “black mercedes” r&@ has been a plethora of interesting
research work presented recently that focuses on problem of hgitlgismn semantic gap [57, 62, 141].
Two possible solutions have been proposed to minimize the semantic gap arateitoetadata gen-
eration and relevance feedback [59, 182]. Content based semaatidsecadded by annotation of
symantic entities in video. This can give symbolic description of the video in tefmigjects or scenes
it contains. Low level content based semantics like color, shape, stuatar object motion can also
be used. Another way is to use structure in the video. It is widely accepa¢ditteo documents are
hierarchically structured into clips, scenes, shots and frames. Suctusérusually re ects the creation
process of the videos.

4.3 Vocabulary Trie

For online processing of videos, we would like to retrieve concepts fiineaming videos, based
on the similarity of a video sub-sequence with one of the given examples. sithilgrity has to be
ef ciently computed for each given example, for each incoming frame. fdiembles to the concept of
keyword-spottingpopular in speech processing and document image retrieval [119jdfdyspotting
methods locate the possible occurrence of the query word by matching veith possible words in
the database. In the case of document retrieval, words are often degnrsh and indexed using a
set of appropriate features. However such methods are not direpligape for video data, due to the
dif culty of characterizing the visual content corresponding to eaafcept.

Popular video retrieval systems aim at indexing large quantities of images@aumsyand serving
a small set of queries while being deployed on the eld. Focus has be&meogf ciency in retrieval
and scalability to large video databases. These formulations typically empé@gs[i01], hashes [54]
or inverted indices [137] for the indexing of the visual data. Our objedtvo process large amount of
videos with the help of an index structure which is built ouagElatively small set of example videos.
The indexing scheme that we require should be capable of

1. indexing relatively small number of examples availadgeiori

2. processing of large amount efiseervideos
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Figure 4.2 Example Trie for set of words

3. avoiding explicit segmentation of video stream for matching with example sided
4. employing any generic comparison scheme for comparing frames/seguenc

We achieve these objectives with the help diree data structure. Tries are ordered tree data struc-
tures popular for a number of tasks related to information retrieval [6fi¢yTBre useful for matching,
based on some similarity measure, for sequences of symbols in a languggsh om the root to
a leaf represents a symbol sequence inserted into a trie, during the igd&kia leaf nodes store the
identi ers of symbol sequences. An example of trie is shown in Figure 4i2s et constructed from
a sequence of alphabets. When trie is used for detection in an on-line s#éiérgfream of data gets
matched/aligned with the sequence of nodes, and any successful termitati@ leaf is treated as a
valid detection. Trie has been extensively used as an index structurearetnef string matching [131].
It is a suf x tree representation which can be used to nd the strings treaegactly or approximately
matched to a given query string. Tries offer text searches (exagpooximate) with costs which are
independent of the size of the document being searched. Importansyateaot sensitive to the curse
of dimensionality problems which is a challenge in multimedia computing.

In the following sub-section we present our trie-based architecioregbulary Trie for content-
based processing of video streams. Our trie based solution allows simulamadching of multiple
examples.
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4.3.1 Formulation

A video can be represented as a sequence of symbols and indexed ii@s#ulcture. This is made
possible by the quantization of the visual data to produce a nite set of bfghdrom a given video
sequence [101, 137]. A set of videos to be indexed results in an @t vocabulary (words) and
de ne the problem space. Traditional quantization schemes employ K-#leaits variants for the
guantization and vocabulary construction. Each frame can be repedssena symbol/alphabet where a
symbol can be a scalar or vector or even a set representation bagisdanvords.

In our case, number and diversity of examples could be signi cantly smiéiéer the total amount
of video that trie needs to process. In such cases, adding negatingkos into the quantization step
allows one to control the detection (false positive and false negatives. rétéhen the examples are
diverse enough, in uence of the negative examples seems to be negli§ibt the trie is represented
in terms of index of clusters, representation is independent of the dimatigiaf the feature space, as
is the case in any bag of words representation.

There are two basic problems in formulating the on-line video processirggmnousing Trie: (i)
representation of video sequences with the help of discrete symbols (iutimgsimilarities of two
video frames.

4.3.1.1 Representation and vocabulary trie construction

It is intuitive to use a temporal representation for videos, unlike the popegeiesentation as a set
of key-frames [137], which is not suitable for on-line processing otwsl Let us consider a simple
representation. A video frame is represented as the average colorfodrtie and video clip is repre-
sented as a sequence of such color descriptors. Such a frameelgnedentation could be sensitive to
the temporal sampling/segmentation process. One could also represevdrtnged color over a set of
consecutive frames (overlapping or non-overlapping) as anothesurestor the description. For many
practical applications, a simple representation based on color could bénguiteient. One could also
think of representing the video frame(s) with the help of a set of interastgpand their representations
such as SIFT for matching and detection.

We represent the video at frame level using the features suitable fowdretgsk. The feature space
is quantized intd bins using features extracted from a limited set of training data, using arohgste
algorithm. Each feature is then indexed to the closest quantized bin, eaeh fhen represented as a
set of these quantization indexes. The sequence of the frame featusesl i the trie construction and
look-up.

The given set of example videos are indexed in a trie. Vocabulary tristwmion from example
videos, is pictorially shown in Figure 4.3. During the construction phaseiridés incrementally
built from each example. The common pre x sub-sequences are alignélgolse examples which have
similar frames to begin with.
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Figure 4.3 Building a Vocabulary trie for video sequences and using it for pracgdhe input video
stream.

The trie has a height and a breadtlh. Each frame of an example video occurs at different depths
from the node. Hence, the height of the Trie is the length of the longestm@gavideo. Each example
video constitutes a path from the root to a leaf of the Trie. The leaf is labatédive concept of the
example. Example videos share the nodes corresponding to “similar” fraintkee same depth. The
total number of leaves in the trie is the number of given exampledn the worst case, each example
will constitute a distinct path from the root to the leaf. In this case, the staragplexity would be
O(h:N) and the time for building the trie would (N ?) requiring only the rst frame to be compared
with the previously built trie. The ideal case is a balanced trie, with equabltin® at all depths. The
storage complexity in the ideal case would®éh:b) (b << N ), while the time complexity would be
O(h:b:N), since each frame is matched wiilnodes at each depth.

Each edge of the vocabulary trie is a symbol. An input sequence of wakds the path along the
edge, symbol corresponding to which is most similar to it and the similarity is aboggain threshold.
During detection, each frame is checked for a possible match with any obttesat = 1. Whenever
there is a match, the subsequent frames are matched down the vocalelandiso on. If the sequence
of frames from the on-line video terminates in a leaf node, the appropriatepbis said to have been
detected.

Algorithm 1 summarizes the trie construction and detection process. During the offHmsep
examples are inserted into the database. During the on-line phase, the wigfalb processing of the
given video sequences.
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Trie-Construction: In the of ine phase, trie is constructed from examjuewsequences for the given
examplesVy; Vo i

Initialize an empty trie. For the given examples 1;2;:::

Find the longest pre x sequence which is common to the trie andfthe
example video. When a mismatch takes place in the sequence, initiate a
new path in the trie resulting in termination of the leaf node labeled wi-
th this example.

Online-Detection: Inthe on line phase, video stream is processed foosiséfe presence of the
examples.

For the given sequence of words, pass through the trie until eithertwve ge
a leaf node or no path is available.

If we reach the leaf node, return back success with the detail of the exa-
mple and the location from where the possible sequence started.

Algorithm 1: Vocabulary Trie

Such a trie can introduce a latency equal to the maximum length among the exadeglg, in the
worst case. Matching in trie is ef cient, since only a few set of nodes walelialuated for most frames.
Such a sequential matching, in general, favor's lesser false positi@gever, the matching threshold
can be varied to control the detection rates, depending on the application.

4.3.1.2 Matching of videos

Exact matching of two words or bag of words for detecting identical cartenld be relatively
straightforward with any reasonably invariant representation. In meastipal situations, one is inter-
ested in matching which allows partial and inexact matches of two represanmatimrds. When the
alphabets are described by a set of interest point descriptors, oluedsone a matching score based on
the cardinality of intersection of the representations in the video stream émaltiie. Such a similarity
score was used earlier in [27].

The score/matching performance of a video sequence depends onl¢igdiie of the sub-sequence
which it matches, normalized with respect to the length of possible paths in thehiige has this as
a sub-path (ii) the quality/score of match of each of the alphabets/symbol§uiiper of tries which
generates warnings/detections. Decision to traverse further at aeymtbed trie will have to depend on
the scores of symbol matching done from the root to the current noderefine, we keep a threshold
on the mean of these scores to make the sequence matching robust teaynrhol matching failure.
We also keep a thresholB, on the number of frames matched. If number of frames matched is greater
thanF and atleast half of the length of possible paths in the trie which has samea#ulifen the video
is blocked.
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Figure 4.4 Processing a query with forest of tries: The top row shows that a mismettinsowhen we
start searching from tri¢ 1. The bottom row shows that a copy of sub-sequence of an examplescan b
detected by starting from the next trie.

4.3.2 Forest of Tries

In a generic video ltering situation, there are other practical challen§sh as when sequence
in the query is similar to some sub-sequence of an example, a naive implemenfdtiervideo Iter
could fail.

To deal with this problem we build a forest of N tries numbered from Ntoeach of maximum
depthD. For building the forest of tries any example from the database is rsttedéen the trie 1,
after insertingD frames we move to next trie and so on. Finally we et dL=D etries, wherel is
the length of longest example in the database.

While processing the query video stream we initially start from trie 1. If anyhrmatsh happens
after starting from thé" trie, then we again start from ti{e+ 1) " trie and continue until a sequence
from the query is accepted or we reach the last trie. We move to the rst treava mismatch occurs
in the last trie or a sequence is accepted. By this we ensure that we do samgisub-sequence of
length F + D in the query (assuming that when correct frames are compared they do) nigtcs
is because we can miss a maximumbDbfinitial frames of any example when a forest of depths
used.D (can vary from 1 td.) acts as a trade-off parameter between performance and time which can
be observed in our next experiment.
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Figure 4.5 Example frames from the Commercial Videos used

An example of how forest of tries work is shown in Figure 4.4, the brown giathe input video
stream is a copy of sub-sequence of an example video in the databesm @wlored nodes in the
forest). When processing starts from ffié it leads to mismatch as shown by red path. The actual copy
of sub-sequence of an example is found when we search by startingHeotrie next tor' 1, i.e., T2, as
shown by green path. Detecting copy of such sub-sequences of lesaimpot possible with a single
trie.

4.4 Applications

We now demonstrate the application of vocabulary trie on a spectrum of sitsatMye start by
demonstrating the applicability of this method to the detection and removal of & aptiori known
commercials from a broadcast video stream. The task is to detect the ppssd#ace of a sequence of
video frames which are identical or highly similar to those available in the daal@mshe second ap-
plication, we address the problem of detecting copies of videos whergea kgt of transformations are
possible [72]. Our method allows the detection of copies of multiple videos irgéegiass (processing
cycle). We then demonstrate the applicability of vocabulary trie in situationsenkéatively complex
concepts of human activity, is spotted in images and videos.

4.4.1 Commercial Removal

Removal of commercials (or a set of example videos) help in segmenting, strimyastoring and
processing of broadcast videos [82, 143]. They are also an ihfwgtaf information retrieval systems
designed for broadcast videos. Identi cation of the examples couldobe @ither manually or with
the help of audio-visual clues. Given a set of commercials, we index themaimocabulary trie in
the of ine phase and use it for detecting the presence of similar video sggritem the “test” videos.
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Figure 4.6 Scalability of Trie for detecting commercials in broadcast TV. (a) Time Vs Neommer-
cials and (b) False positives Vs No. of commercials. One can observealabiity of the system to
large number of examples

During indexing, we extract color histogram features and build an egedcvocabulary by clustering
them using K-Means, to 500 clusters. The visual words (or the clustieesidare then used to construct
the trie.

The trie is tested over a video sequence of 300 hours duration (onampgately 300 GB in MPEG)
captured from 10 different broadcast news channels. We deteobfisible presence of a commercial in
this video sequence in about a second (excluding the feature extractign Tinesfalse positive rate of
detecting the commercials is about 28%. The false positive rate could beecktluther by using more
complex and discriminative features (see the next sub-section). Our nethtes to large number of
commercials without any signi cant loss in computational ef ciency or thecfgien as demonstrated
in Figure 4.6. The exact time requirement depends on the percentagenaferoials in the video
sequence. In our case, commercials occupied 16% time of the video duration

To further evaluate the performance of the vocabulary trie on detectioonafercials, we manually
ground truth-ed a database of 20Hrs with 250 commercials. In addition to likeé Eart and end
frames were also annotated. Some example frames from the commercial uggbsan be seen in
the Figure 4.5. The detection performance of the commercials dependsiausvaarameters. We use
F-score as evaluation measure, which takes both the precision andahéntecaccount. It is de ned
as

_ 2 (precision recall)
(precision + recall)

In Figure 4.7(a), we demonstrate the effect of length of commercial orefeetibn rate. In general,
it is observed that longer the duration of the commercial, better the detectiorF@ this experiment,
we have used the number of clusters (visual words) to be 500. Numivisuafl words used for rep-
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Figure 4.7 Effect of (a) duration of commercials, (b) number of visual words astére and (c) Tem-
poral quantization parametpion false-negative rate

resentation of the video sequence also affect the detection rates. he Bigu(b), we demonstrate the
effect of number of clusters on the detection rate. With increase in nuribkrsters, the detection rate
also increases.

Many practical situations for video lters require controlling of the falssifive/false negative rates
depending on the application. As mentioned in the previous section Vocabuilaallows exibility in
design, and thereby parameters which can directly affect these ragesarywthe length of the example
and query videos by grouping consecutive frames together and obtain the word corresponding to
the mean of their feature descriptors. We demonstrate the variation ofrmiedseive rate wittp in
Figure 4.7(c). We can observe that false-negative rate increaseemitioral quantization parameter

Thus, it can be seen that the vocabulary trie allows ef cient and scadgploiéing of commercials in
a video stream with signi cant amount of exibility on false positives/falsgatves.

4.4.2 Content based copy detection (CBCD)

Content-based copy detection has received signi cant attention in rgearg due to its immediate
practical applications [65, 72]. On-line CBCD [168] is becoming an impomaoblem, to Iter dupli-
cates in multimedia collections. The vocabulary trie approach is directly aplditathe problem of
on line CBCD.

Popular methods for CBCD extract a small number of pertinent featuafledcsignatures or nger-
prints) from images or a video stream and then match them with the databasdilagto a dedicated
voting function [72]. An important requirement which has come to existenttesmproblem is the capa-
bility to detect (or match) possible copies of multiple video clips with minimal computdtavesthead.
There are two important steps in solving this problem: (i) ef cient methodsifailarity computation
(ii) detection of copies by accumulating the similarity scores. State-of-thmettiods focus on solving
the rst part ef ciently. Our method is also capable of addressing théabdiy in number of videos to
be matched as demonstrated in the last section.
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In the CBCD setting, one needs to allow larger amount of variability for dgyrdaplicates. A
copy could be a video clip which is modi ed in appearance (eg. color, estjirgeometry (eg.re-size,
cropping) or re-capturing (eg. perspective effects, overlaid tést] €3]. To accommodate these vari-
abilities, we use SIFT [84] and SURF [14] feature descriptors compwedinterest points to describe
the frames. The visual vocabulary is built using hierarchical K-Medgarighm. In most situations,
vocabulary is constructed by quantizing the feature descriptors obtaimmadexample videos. In our
case, Trie is supposed to function on similar examples as well as large nofrm@n-example situa-
tions. Thus we tried introducing feature descriptors from non-exampéosgidvhile quantizing. While
clustering we weigh the distance from non-example videos,laymeasure of importance. We build the
trie with a symbol/alphabet represented frames, which converts a videosetjuance of sets (bags) of
visual words. Given two elements of the sequerdcandB, we de ne the similarity as:
jA\ Bj
JA[ Bj

In our rst experiment on CBCD, we compare the performance of dffiéfeatures and trie param-
eters for a set of 1000 video clips. Original video clips were obtained trooadcast news channels.
Video clips were manipulated by blurring, adding noise, cropping, resig@agma correction etc. We
use average precision for performance evaluation as used in most@BD tasks [64].

We compare the performance of the above two features and Trie parayagigpresent the results in
Table 4.1. The input video stream is formed by 100 transformed examplesvéahe videos not present
in the database which constitute a total of 46K frames when sub-sampledratdhaf 2fps. Times
reported do not include the time taken for feature extraction. It can beradx$that the performance in

Sim(A;B) = 4.1)

general improves with Vocabulary siz€, Results are also not much affected by increasing the number

of examplesN, to build the trie though the time of processing increases.

4.4.2.1 Experiment on MUSCLE-VCD-2007 database

For our second experiment we use MUSCLE-VCD-2007 database Th# database is composed
of about one hundred hours of videos spread over 101 diffeteatand it's ST1 query set is composed

Vocabulary Number of

Size (N=210 Examples (K20%)
Feature] K | Average| Time | N | Average | Time

Precision| (secs) Precision| (secs)

9% | 0.7273 | 59 [100| 0.7907 | 28
SIFT [10*| 0.7778 | 62 |150| 0.7799 | 44
114 | 0.8007 64 | 210| 0.7778 | 62
9% | 0.7236 | 40 | 100| 0.7633 | 20
SURF | 10* | 0.7656 | 42 | 150| 0.7647 | 30
114 | 0.7509 | 42 |210| 0.7656 | 42

Table 4.1Performance of Trie for copy detection
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Figure 4.8 Examples of original and transformed video frames of Muscle data-set

of 15 videos of total length of about two and a half hours. Out of thes@dewos, 10 are transformed
from some video in the database and rest ve are not from the dataBasee examples of original and
transformed frames from Muscle data-set are shown in Figure 4.8.

We use the ST1 query set as our database and join 101 videos from MEx&fabase to form a 100
hour input video stream. This is according to our objective of Itering laag@unt of videos with the
help of trie which is built out of a relatively small set of example videos. Fealescriptors computed
over interest points of frames from 15 videos of the database (sublezhiapthe rate 00:5fps ) are
gquantized into 10K visual words and a Trie or a Forest of tries is built pmed above.

Results of this experiment using Trie and Forest of tries are shown in tahleWe can see the
improvement in the performance by using Forest of tries. Performancewepby decreasind in
case of Forest of Tries at the expense of time. We can observe in thehableimproves for SURF
and remains constant for SIFT. The above experiments show how praaagh provides an ef cient and
accurate solution to the problem of CBCD.

Mean Trie

Score Forest
Feature| Average | Time | D | Average | Time
Precision| (secs) Precision| (secs)

50 | 0:9011 86
SIFT 0:8182 19 | 100| 0:9011 51
200 | 0:9011 26

50 | 0:9011 35
SURF | 0:8012 9 100 | 0:8182 21
200 | 0:8012 11

Table 4.2Results of Copy Detection on MUSCLE data-set

75



4.5 Summary

In this chapter, we have addressed a problem of video stream Itenmg@i set of example videos.
Our method is example-based where visual content to be detected or ltechdracterized by a set
of examples available apriori. We approach this problem in a manner compliménttdnat of video
retrieval. The given set of examples (traditional queries) which indéxelde database. The larger
video collection, which needs to be processed, is unseen during thireofftdexing phase. We have
proposed a trie-based architectwecabulary Trie for content-based processing of video streams. This
architecture allows simultaneous spotting (or matching) of example videos ieearstf video frames.
We demonstrate the applicability of our architecture for commercial removhtantent based copy
detection (CBCD).
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Chapter 5

Video Mining

5.1 Introduction

Large video repositories are becoming omnipresent. Content basediaralguch collections is
challenging. Processing these videos is computationally costly, errog prathdif cult to scale up. The
necessity of content based access has triggered research in gmxgiition with newer data-sets, cate-
gories, and computationally ef cient methods [114, 137, 139]. Manyag@ghes have been proposed for
different problems of video analysis including activity recognition, visesrch, movie/sitcoms anal-
ysis and visual mining. Most of these methods are supervised and retpleded examples at some
or other level. To make it feasible on large collection of videos, unsupshasd weakly supervised
approaches are desired as argued in many of the recent work6g6, 1

In this work, our objective is to mine the videos in order to discover or détggbrtant patterns.
We discover characteristic patterns in videos based on frequencycofrence of scenes, actors and
sequence of frames, in an unsupervised setting. With our approacirevable to detect the represen-
tative scene and main characters of movies. Going beyond objects gplé,pge extend our work to
mine frequent video sub-sequences. We de'video stop-words”and present a method for detecting
them in broadcast news videdddeo stop-wordsre analogous to stop-words in text classi cation and
search. We de nevideo stop worddased on frequency of occurrence of sub-sequences in videos ov
the period of time and across different news channels in Section 5.3.3ctibgtéhem can assist in
removing redundancy in videos.

Movies are fascinating data sets with signi cant visual variation and dityerIn movies, certain
scenes, main characters or objects appear more frequently than Gharacteristic patterns in movies
could convey a lot about the visual content and major theme of the videair® discover these pat-
terns directly from the video. The pattern of interest could be individsalsnes etc. In Section 5.3.2,
we do automatic labeling of characteristic scenes and main actors in moviegp@oeach successfully
extracts the characteristic patterns (scenes and people) from our nagalzade. The characteristic
scene discovered from the movie database could vary signi cantly in visurdent. Movie charac-
terization through such mining or otherwise can help a great deal in buildingermesommendation
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Figure 5.1 Frequent Pattern Mining in Video: Feature descriptors of frames amgtigad to build vo-
cabulary in of ine phase. During online processing, video is represkas a transactional (or sequence)
database, which is mined using Frequent Pattern Mining algorithms.

systems which to date are manual or semi-automatic requiring compreheunsiag intervention. An-
other application is to mine patterns for sociological studies. The technigeigereric and are widely
applicable in other category videos.

In broadcast news videos, many events like breaking news and comineczar repeatedly. Such
frequentitemsor sequencean be used for automatic characterization and understanding videos. Ou
goal is to ef ciently detect frequently occurring sequence of framesénntbws videos. This requires
partial or complete matching of frames or sequences of frames of varialghsefrom different parts of
the videos. It is also desired that the method is robust enough to deal witititagons when sequences
are repeated with few extra or fewer frames, but with ordering preder¥he challenge is to detect
these sequences very ef ciently.

Mining the visual content and thereby characterizing videos, has lisenm@ed in the recent past.
Sivic and Zisserman proposed a video mining approach in [139] to obtmiciell objects, characters
and scenes. Frequently occurring spatial con gurations of featwess found using clustering algo-
rithms, rather than any frequent itemset mining schemes. Very few woviksthiad to adapt traditional
data mining methods for visual data [114, 154]. The objective has béten, to nd the most frequent
spatial con guration of points (eg. a building) from large number of vidieanes. Mining in visual
data has been complemented by the processing of associated text (sydtilasd speech [154] com-
ponents. Our method relates to visual recognition as well as data mining. lsetige, the closest to
our work is that of Quack and Gool in [114]. They usequent itemset mininfpr nding frequently
occurring con gurations of features for mining frequently occurrirtjexts and scenes from videos.
They also apply frequent itemset mining: (a) on instances of a giventaldgess to assist in object de-
tection [115], and (b) for mining object and events from community photo cibdie [116]. Nowozinet
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al. in [102] introduced discriminative subsequence mining to nd optimal discritiiaasubsequence
patterns. Rather than focusing on objects or point con gurations, omapy interest is in scene char-
acterization, based on a global set of features. We also design the mihiegns to suite large video
collection, as required in our case.

We employ two different video mining schemes; that are aimed at detectingefiegnd representa-
tive patterns. For one of our mining approaches, we use an ef ciequint pattern mining algorithm
over a quantized feature space, as in the case of visual bag of wolltsdseln our second approach we
suggest a sequence representation of videos based on Randat{Ebrand propose to mine frequent
sequences. This mining approach is also based on clusters by randdraéesed

The remainder of this chapter is organized as follows. We explain our two gnapproaches in
the next section. Then we evaluate and compare these approachétatjively in Section 5.3.1. In
Section 5.3.2, we present our results on movies and show results fovelisgpcharacteristic scenes
and main characters in movies. In Section 5.3.3, we deideo stop-wordsind present the method to
detect them. We demonstrate the accuracy and ef ciency of the propggedach by experimenting
on a broadcast news video data.

5.2 Our Mining Approaches

For mining videos, we represent features in quantized code-booksha@s been popular for many
recognition, retrieval and classi cation tasks [19, 111, 137]. Reprisg video frames using code-
books helps in accommodating the uncertainty of the visual description whdlmirey the essential
discriminative information. We emplolyrequent Pattern MinindFPM) [5, 7] to extract frequent se-
guence or items from videos.

In FPM, a set of patterns (transactional database) and minimum suppeshaditd are given. Pat-
terns are some or other form of collectionitefms such as itemsets [5], item sequences, sequences of
itemsets [7]. The task is to nd all the frequent patterns whose frequehogcurrence is no less than
the minimum support threshold=requent Itemset Miningnd Frequent sequence minirage special
cases ofrequent Pattern Miningln FIM transactions are set of items and in FSM they are sequence of
items or itemsets. We say that a transaction supports an itemset (in case afridtjuence (FSM), if
itemset is sub-set or sequence is sub-sequence of the transactiosactianal database is more popu-
larly known as sequence database in case of FSM. Frequent sequariag [7] has been successfully
applied to several large-scale data mining problems such as market haakedis or query log analy-
sis [5]. Many algorithms have been proposed in the literature for solvingdasl well as FSM such as
APriori [5], Pre xSpan [109], SPADE [176] etc.

In our rst approach we use an FPM methods over video frames repied based on vocabulary
built by K-means clustering. We then propose sequence representatifarhes/images using nodes
of randomized trees. We consider this representation using Randost farfollowing reasons:

Ensemble of clustering trees are able to nd natural clusters in high dimexisipaces [94].
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Random Forest leads to more ef cient clustering and less memory usage-iimeans based
algorithms.

The existence of an implicit hierarchy in the trees can take care of partiahmgtof samples.

For large number of trees this sequence becomes very long and cam mirtdxd ef ciently usingPre-
xSpan algorithm. Therefore we propostandomized Mining Forest Section 5.2.2 to mine frequent
patterns from such sequences. We discuss them in detail in the rest efd¢ticn.

5.2.1 Visual Frequent Pattern Mining

Our approach of mining videos is illustrated in in Figure 5.1 as the online arideophases. In
of ine phase, features are extracted from example frames and quabize means to build vocabulary.
During online phase, input data is assigned the visual words. Each trast®t represented by visual
words makes a transaction (or sequence) and thus transactionajfense) database is built. Frequent
itemsets or frequent sequences are then mined from it using FIM or FSivithigs.

We now state the problem of mining frequent sequences in video whendraregepresented as
items or set of items and shot as a sequence. In other similar cases, ffgulexahen frame is itself
a sequence or transaction this can be modi ed accordingly. Vet fwq;ws>;:::; wgg be the visual
vocabulary ofk visual words. A frame, , is represented as a visual word or unordered set of visual
words, = (Wwzg;W2;Ws;:;Wy)and V. Asequence is an ordered list of such frames.

A sequence of frames, =( 1! o bl p ), is said to be sub-sequence of another
sequence =( 1! 2 b ! q) , if there exist integeré  j1 <j2 <:: <
jp gsuchthat i1 2 i p j - Avideo is represented as a database of shots.
Any sequence is valid if si, 1 = 1::N, wheres; is a shot andN is the number of shots in the

video. The relative support of a sequencejn a video or shot databade,, is the ratio of number of
sequences containingto the number sequences present in the database.

if(si2D)j( si)gi

D; 2 [0;1] (5.1)

supports() =

A frame sequence is called frequent i if supports() min _sup wheremin _sup is a threshold
for the relative minimal support.

We obtain frequent sequences of frames by using Pre xSpan metthieandre ef cient than APriori
based methods for mining sequential patterns [163] and particularly ferlmn _sup values. In case
of videos even if a sequence of frames repeats for only a few times it vibmuttbnsidered frequent.
Therefore we use Pre xSpan algorithm for our purpose of mininguUes sequences of frames in
videos in Section 5.3.3. Corresponding to each frequent sequene& have an ordered set of visual
words (frequent itemsety = fwj;wo;:;;whg and a set of tupleM < sid;F > , wheresid is
shot-id,F is ordered set of frames in the shot avidis the absolute support of in the video.

When frame is itself a set of items (or transaction) i.e. no sequential informigtiosed (as in
Section 5.3.2.1) then it is a problem of FIM. The above formulation can be raddiccordingly by
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Figure 5.2Randomized Mining Forest of T trees built without supervision. Each sawtgle descend-
ing updates the counts of the nodes in each tree. The paths traversedrpla in each tree, shown in
yellow, are concatenated and used as a sequence representatiogavhiie.

representing as set of items/itemsets and replacindoy  in equation 5.1.APriori algorithm is
used to get frequent itemsets,andV andF are orderless.
Now we discuss an alternative and more ef cient approach using raizéd trees.

5.2.2 Randomized Trees for Mining Videos

Random Forest was introduced in Machine Learning literature by Brei@&nf¢r classi cation
and regression, and is shown to be comparable with boosting and supptmt machines. They have
become very popular in the computer vision community. Many papers haviedypipem to various
classi cation, segmentation and clustering tasks [20, 94, 133]. Moosreaah[94] proposed an ef-
cient clustering scheme using randomized decision tree. Shattah. [133] simultaneously exploit
both classi cation and clustering for segmentation and categorization.

We use ensemble of randomized trees for fast clustering and also masktiesehierarchies in the
way similar to [94, 133]. Each tree is built in an unsupervised manner ugsiagdomly selected subset
of the training data. At each node a split function that most evenly divideslda is used i.e., each
sample is considered to belong to a different class. Entropy at anyNodéh X; number of sample
is given askE (Nj) = log(X;).

The tree growing procedure is described as follows:

At each internal nod€ node-functions are randomly selected. Here we consider 3 types of
node-functions: (a) single feature component, (b) difference of wwoponents and (c) linear
combination of few components of the descriptor.

For each node-function, we need to determine a threshold that best syt €venly) the data
reached to this node.
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The combination of node-functions and threshold that gives maximum infammgain is se-
lected.

When a sample (say a keyframe) is pushed through a tree its path fronoreaf node makes a
sequence of nodes. Such sequences of nodes from all the treesmeatenated (Figure 5.2) to represent
the frame as an item sequence. Applying FSM on such a sequential datadnzd give us the frequent
set of paths across the trees. Similar frames may not reach the same leairmody not have long
enough common path or pre x sequence in some trees. Using ensenmbl@ofund50) trees handles
this as similar frames are expected to have enough number of common paitsthertrees. With the
proposed sequences (using path not just leaf) partial matching cakelmectare of when FSM is applied
because of tree hierarchies.

Since we use each node as an item, set of all nodes becomes our voc@silaEach frame is
represented as a sequence of such nad@sy . Consider a frequent sequence extracted by FSM from
this sequential database,

SGreq(y = fNip ! Nip! ! onp ! onh !t onh g (5.2)
wherenj; is j™ node inseqeq () from t™ tree andn},  is the last node coming frorti" tree in
Seqreq (i)- NOte thatn} | need not be a leaf node. Itis equivalent to represent these frespguences
by only last nodes:

— fni i i
S€lreq (i) = fNy, ! Nz, ! ! ny.g

So, set of frames supporting frequent sequesgtg.q (i) can be given as:

Z Freq(S€Qreq (iy) = FC(n,) \ C(nh,) \ i\ C(nf,)g (5.3)

whereC(n) is the set of frames passing through nadeWe extract set of allnaximal frequent se-
guencesFmax . A frequent sequence is maximal if it is not a subsequence of any atbgudnt
sequence. Support sEqeq (i) according to the de nition of FSM would beuppT(segeq i)) =
W' Support of all sequences nax has to be greater than minimum support threshold,
minsupp. Frames supporting any frequent sequence frag are frequent or characteristic frames.
Set of such frames is given by:

= Z Freq (Seqreq (i)) (5.4)

F max

5.2.2.1 Randomized Mining Forest

With T in range of50 100, the sequences become too long for Pre xSpan algorithm to compute
FSMs ef ciently. Computational time exponentially increases with number oftoedength of se-
quence. We suggest Random Forest based solution to nd Freqaems in a given movie. Keyframes
(or features) of a video to be mined are passed through the built fotespaths followed by each frame
and number of samples reaching at each internal and leaf node axdk $éreall this ensemble of ran-
domized trees with above details of a given video &aadomized Mining Fore§RMF). Figure 5.2
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illustrates an example of RMF. The node tests are learned from a subesgaset consisting of several
videos. Such a set can be thought to have a number of complex clabsag ézenes). When a frame
reaches to a node in RMF it belongs to some hypothetical class with somejhitgbd herefore, the
item-sequence generated by RMF can be seen as a sequence oflistabiédms.

We here suggest a method to mine videos and nd frequent frames apyateky as given by equa-
tion 5.4. In each frequent sequensgq,cq iy we go down the trees after last nodq'l_() to some
node,ni, , that has higldepth normalized frequenggxplained below). Thus we get a new sequence
sedy iy = FNiex, | Mbey, ! 3! nhg,, g wherenie,  ny . By extending like this or going
further down the trees, frames left in the deeper nodes are mutually morersiBeitaof these extended
sequences are extended maximal frequent sequ@&uegth normalized frequen®f a noden is given
asdepF(n) = j;(”y , whereH is height of the tree and depth of noder. To nd n®, nodes with high
depF we start from leaf nodes. In each treeM leaf nodes with highestepF are selected at rst as
a member of set of frequent nodes. Meatapth normalized frequendydepF of the selected nodes is
computed. Then we move to the parent of each of the selected nodes agyafithe parent hadepth
normalized frequencgreater thaM depF then child is replaced by the parent. This is done iteratively
until no parent satis es the above criteria to get nal set of extendeddent nodebll from all the trees
in RMF.

Set of frequent or characteristic frames from the given video cappezaimately given as:

Ext = [ C(n) f freq(fj) < jfj 2 [ C(n)g (5.5)
n2N n2N
wherefreq (f;) number of occurrences of franfig in N which should be greater than We de ne
support of a frequent franfg 2 gy as:

S
2Ny, C(n)

j Extj
whereN¢; are those frequent nodes through whiighpasses.

In summary, we approximate equation 5.4 by equation 5.5. We go further flowna last node
(n‘tLt) to some node with high enougtepF. This node will be traversed by a subset of frames that
reached nodeyy . The frames reaching to the extended node are expected to be mutuallyimitae s
and also frequent. The idea is that when we take union of set of fraraelsing the extended nodes we
get a set of nodes approximately similar to that given by equation 5.4. Vdeidetake out those frames
that do not occur frequently in set of extended nod¢3 ih equation 5.5. We quantitatively evaluate
RMF in Section 5.3.1 and apply for mining characteristic scenes from the miavgection 5.3.2.

suppT(fj) = (5.6)

5.3 Experiments and Results

In this section, we rst quantitatively evaluate the effectiveness of ppr@aches and compare them
on the grounds of accuracy and ef ciency. Then we present querixents on movie and news videos
with results for identifying characterisitc scenes and main actorsyidetd stop-wordletection.
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Figure 5.3 Performance of different approaches for ranking.

5.3.1 Quantitative Evaluation of Mining Approaches

The goal of this experiment is to nd the frequent object class categoriagiven database. Since
we do not have the groundtruth for large movie and news datasets, W&O@S2007 [45] as database
for the quantitative evaluation. It has 20 object categories such agrpdysat, car etc. The dataset
also provides bounding box level ground truth for each object instambe task is to automatically
rank these object instances such that the more frequent categorieglaee in the ranked list. For
representation of object bounding boxes we use Phog [20] desciifgoe we analyze and compare our
mining approaches experimentally for nding frequent patterns. We asgpare them with k-means
as a simple baseline.

K-means:In our baseline method we quantize the Phog descriptors by k-meanspaadart each
sample by the cluster ID. Now the samples are ranked based on the sizelofstiee they belong to and
the ones belonging to larger clusters are ranked higher. Samples begidogiame cluster are ranked
based on their distance from the cluster center.

K-means (soft assignment) + FIMHere each sample is represented by a set of cluster IDs. Set
includes the nearest cluster and the clusters having distance notlr@érgmes of the distance from
nearest cluster. These sets can be seen as transactions and cleisteitéins. We apply FIM on such
a transactional database to nd frequent cluster ID sets. Each samgsigmead to the largest cluster
ID set which it supports. When a sample supports more than one sets ofigatigen it is assigned to
that set of clusters which have least mean distance from it.

Randomized Mining Forest (RMFThis is the approach described in Section 5.2.2. Each sample
is represented by the sequences of nodes traversed till leaf nodéitreacWe build Random forest
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Figure 5.4 Top: Clustering time is too high compared to the time taken to build forests, which take
only about 90 seconds to built 20 trees; Bottom left: Best scores by s@dia and our two methods;
and Bottom right: training RMF is about 20 times faster than clustering for @=&fen k-means+FIM
reaches its best range of ranking score.

of 20 trees with50 features,15 thresholds at each node and maximum depth is s20torherefore,
the length of each transaction is abd@0. Samples are ranked according to their support given by
equation 5.6.

Let class off " sample in the ranklist (i.e. sample having ranks given asC(r). Frequency of an
object classesis given as

number of samples of class ¢

F =
req(c) N
whereN is total number of samples in the dataset. The ranklist-score is computed as,
. 1 X
ranklist-score= N Freq(C(r)) (N r+1) (5.7)

r=1
There arel28390bject instances in VOC 20Qrainval+testdata (we do not include truncated ex-
amples). In addition we randomly take bounding boXé&i@ samples) from background which do not
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overlap with any object instance. Frequency of these samples is sebt@Fzeq(c) = 0). According
to equation 5.7 for 19481 samples the expected ranklist-score of a ralad&mng would ber02

Figure 5.3 shows the results of applyilgmeansand K-means+FIMfor ranking these samples.
With minimum support greater thatD0, K-means + FIMmethod achieves higheanklist-scoreat
almost all values oK . We get better results with larger number of clusters Wiimeans+FIMmethod.
Using RMF we get scores ranging irb0to 847 with different values oM . Figure 5.4 compares the
baseline and our two methods for ef cieny and performance. Both our rdstherform better than the
baseline. Best score Ii§+rmeans+FIMis higher than that dRMF. But it requires quantization into large
number of clusters, which takes signi cantly more time than that for training RMie advantage of
RMF comes in ef ciency as building random forest is much faster (approxsdcends per tree). The
speed is critical while processing on large datasets as we do in the néahsec

5.3.2 Movie Characterization

Figure 5.5Some examples from the dataset

The dataset for the experiments in these section includes 81 Oscar winmdngoainated best
movies over the last 60 years ranging from 1950 to 2008. These mowvirgfgood mixture and subset
of the huge number of movies available. The genres, directors and otivég deails of the dataset
were taken from Internet Movie Database (IMDB, [1]). Figure 5.5&hsome example keyframes from
the database.

5.3.2.1 Characteristic Scenes of the Movie

In this experiment we apply our method to identify characteristic scenes afitha movie. We
extract GIST [104] features from the key-frames to encode the giobaimation. About 50 thou-
sand keyframes are selected at random from the dataSdtrobvies for feature extraction. Using the
extracted features the feature space is quantizedlid®® bins by K-means clustering algorithm. In
movies, frames belonging to same shot are generally very similar so we depresent frame as a
transaction. Here we represent a shot as a transaction of frames @etndd frequent itemset mining
to nd frequent keyframes. Support of a visual word is computed ashrar of shots it occurs in divided
by total numbers of shots in the movie. Certain scenes such as peopléngpeald, room etc. are
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Figure 5.6 Some examples of characteristic scenes retrieved from movies Braiebear of The
Rings: The Return of The King, Sixth Sense and Chicago (from top to battom)

very common in the movies. So support computed from a movie is takesrrasfrequency (TFand

theinverse document frequency (IDiS)computed by applying FIM on all the movies together. So the

TF/IDF support of any visual word/() in moviem from dataseM is given by

support(W) = Supportm (W)
supporty (W)

Another experiment is done to detect characteristic scenes of the movigtbwach frame repre-
sented as a sequence of items as explained in Section 5.2.2. The items aedhthibnodes traversed
by the frame when pushed down the RMF. Each frame is representedgeeanse of items or nodes.

We used ensemble dD0randomized trees, number of features and thresholds tried to creatéasbde
at each node are00and15respectively.

Figure 5.6 shows some examples of characteristic scenes retrieved dramowgie database. First
two rows show some examples of results by our rst approach using Etvresponding to each visual
word we have many frames and shots. The gure shows six keyfranmesftovie each representing
one of the top 6 words from that particular movie. Last two rows in FiguresBdvs some examples of
characteristic scenes retrieved by RMF.

Braveheartis an action, drama movie which has many war scenes in it, this can be seen in the
retrieved keyframes. Similarly for thieord of The Rings: The Return of The Kingpich is again an
action, adventure, fantasy movie. Genre &xth Sensé a drama, mystery, thriller an@hicagois
a musical, drama and crime movie. The characteristic scenes retrieved bpmoach also suggests
the same. We conducted the experiment foBalmovies and got relevant keyframes as characteristic
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Figure 5.7Main character discovered from the moviescky1 300, All About Eve Slumdog Millionaire
andA Beautiful Mind

scenes. In Ims without much action, adventure or music mostly main chara&tersisible in the
characteristic frames.

5.3.2.2 Identifying main characters in the Movie

The characteristic scenes can be used to predict the genre of the mawieyierecommendation
systems etc. Here we use these keyframes to predict the main characeenmiie. Everingharet al.
[44] have investigated the problem of automatically naming the characters or T material. They
do this by aligning subtitles and transcripts, and complement these cues bjlyidetecting which
character in the video corresponds to the speaker.

We only use the key frames corresponding to most frequent visuabwordd the main characters
of the movie. Face detection and facial feature localization is done on thasacteristic key frames.
We start from the visual word with highest support and detect no morelb@faces. Only faces larger
than100 100are considered. The face descriptors are extracted from detectsidaing Oxford
VGG face processing code [44]. These face descriptors are @dsi&o 8-15 clusters by k-means.
Then each of the cluster is pruned by removing all the faces which amdisteace greater thdd from
its cluster centeD is computed as the mean of the distances of faces from their cluster c&itesters
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having faces only from nearby shots are rejected as the main chataoctéd be present at many points
throughout the movie. Itis desired to have smaller clusters with many membecrigeite the cluster
density as a summation of inverse of distances of all cluster members froraritex.cCluster density
for clustercis given as: (C) = ,¢ é

Only the most dense clusters are returned as the set of instances of raeaotets. Figure 5.7
shows the keyframes from the most dense clusters for m&aeky1 300 All About Eve Slumdog
Millionaire and A Beautiful Mind This works well as the characteristic scene mostly include many

instances of main character's close-up face.

5.3.3 Video Stop Word Detection

Stop words in a language are words that many search engines do néorswipen searching for
texts and titles on the web. These are common words, such as “the”, “mfedtc. Similarly in text
classi cation, elimination of stop words potentially increases the accuradyces the feature space
and helps to speed up the computation [134].

In videos too, certain sequence of frames repeatedly occur, motivatitogaaldress the similar prob-
lems in videos. In videos, repetition could be either absolute or approximedenfites are commercials
in TV programs and news or routine events in surveillance videos. It isedet® detect/remove such
redundancy for many applications like video summarization, and search.

We de nevideo stop wordas the frequently occurringequence of framedhat are not informative.
For example advertisement can beideo stop word The frequency of occurrence of a sequence in a
video gives us th@F part based on which we select frequent sequences or poteidial stop-words
We uselDF to classify it asvideo stop-wordTo computdDF for any sequence, we use frequency with
which it occurs in news videos across different channels. HighéDiReneasure more is the probability
that the frequent sequence is a commercial. This works ne as commerci@ls foequently in all the
channels and consistently for large intervals.

A typical news video would mostly contain important news or commercials in itsfseequent
sequences. Therefore when deteatiglbo stop-wordsire removed from the set of frequent sequences
and we get thénformative contenof the video. This is shown in Figure 5.8, basedIDiF measure
frequent sequences extracted from video are classi eddso stop-wordr informative part of video.

Thus thevideo stop-worddetection results can be used to: (a) block undesirable content and (b)
summarize video with only important content. The latter can be done by compuérngféhmation
measuref each shotSgjq as:

Seq = sign(F) support(F) jFj (5.8)
F2Ffe
sign(F) = 1 ifF2 §topword
1 otherwise
whereFy¢q is a set of frequent sequences in sBg§ andF is a frequent sequencelieq . Therefore,
more informative shots can be kept in the summary by keeping a thresholgyon
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Figure 5.8 Stop word detection from video using Frequent Sequence Mining

5.3.3.1 Experiments

Experiments are done on news videos obtained from eight broadeesthannels. For estimating
IDF measure, videos from these channels are mined over ve days (10§)lemd extracted frequent
sequences with their frequency of occurrerl@d() are stored. While testing theHeF values are used
to separate commercials from the rest of the frequent sequences dhtathe set of test videos. For
testing 1000 news video clips of total duration of 10 hours are used. Miel@ss have lot of overlaid
text in its lower one-third part, which affects the feature descriptor and sifndanes are assigned
different visual word or item. To handle this we only extract featuresiftioe upper two-third part of
the image.

We partition news video clips into shots and pick four frames per second véttgh shot. The
ground truthing is done at the frame sequence level, each manually annfrejaent sequence is
marked avideo stop-wordr informative contentThis resulted ir®1 frequent sequences out of which
68 were marked as visual stop-word and remair#8gs informative content.

We use precision and recall to evaluate the detection performance. iGmesisl recall forvideo
stop-worddetection are computed as follows:

# true visual stopwords detected
# total visual stopwords detected

Precision =

# true visual stopwords detected
# total true visual stopwords

Recall =

90



Vocabulary| Frequent sequence Video stop-word | Informative Content
size Precision| Recall | Precision| Recall | Precision| Recall
100 0.63 0.57 0.67 0.59 0.55 0.52
200 0.81 0.68 0.87 0.71 0.67 0.61
500 0.87 0.78 0.93 0.79 0.71 0.74
1000 0.97 0.91 0.98 0.94 0.90 0.83
2000 0.98 0.90 0.98 0.93 0.95 0.83

Table 5.1Precisions and recalls for frequent sequerabeo stop-wordand informative content detec-
tion with different vocabulary sizes.

Sometimes due to disturbance in the telecast, few frames get transformetkcéiateis considered to
be true if the overlap between detected sequétiee and annotated sequenEgr is more than 90%.
Overlap is given b% Figure 5.9 shows some examples of detegiddo stop-words

For the experiments we satin _sup = 0:005. The performances for detecting frequent sequence,
video stop-wordand informative content in terms of precision and recall are reportedile Bal. The
precisions are high as it is dif cult to get false frequent sequencesnwarge enough vocabulary is
chosen. With vocabulary size of 1000 and above, recall and presisianhigh for all three cases.
Precision always increases with vocabulary size. However recat skacreasing with too much quan-
tization. This is because with more number of clusters a slight variation in a framassign it to a
different cluster, which may lead to false negatives. Some of the examipliesexted commercials as
video stop-words shown in Figure 5.9.

Also the method is very ef cient. In the online phase features are extratt®s0 fps and visual
words are assigned @60 fps with vocabulary size 1000. For minir&; 000 sequences of average
length 100 it takes abou#d0 seconds. This shows that the proposed method is scalable and can be
effectively used for real-time on-line applications.

5.4 Summary

We have presented an approach to discover characteristic patternsas wican unsupervised fash-
ion. Our method is based on nding frequently occurring patterns. Onsuofapproaches employs
frequent pattern mining for ef cient characterization. We also progosgse randomized trees to rep-
resent frame as sequence of nodes and mine frequent sequenmoes flatabase of long sequences.
To evaluate the proposed methods we compare them with each other and miihle lsaseline. The
approach is validated by experiments over a large movie dataset to dist@recteristic scenes and
main actors in the video. We also de na&leo stop-wordand detect them using frequent sequence min-
ing. Stop words are identi ed usingF-IDF type measure for frame sequences. Traditional methods
from data mining have been successfully used in computer vision and sinctiqees can result in fast,
ef cient algorithms for large scale video processing.
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Figure 5.9 Some examples afideo stop-wordietection




Chapter 6

Conclusions

6.1 Summary

In this dissertation we have explored different aspects of visual psaogin images and videos. Our
objective is to achieve ef ciency along with accuracy. The following suninegrthe key contributions
made:

A state-of-art object detection and classi cation framework based ard&a Forests is devel-
oped and evaluated. We have combined different types of featureigtess based on bag of
visual words and gradient orientations. We have carefully selectedeath#fjor components of
such a framework, investigating features for visual representati@tiabgrids, bootstrapping,
post-processing, different parameters of random forest and shdimdpw detector. The evalua-
tion was performed using multiple datasets with many object and scene case§oeibave used
a combination of different visual features with random forest for thé-egel feature extraction
task of TRECVID'08. On Pascal VOC'07 challenge our method achidetter performance
than by the team ranked 1 did in the competition. We have shown that Randest Elassi er
can be used for fast and accurate classi cation and object localizatiomiRyg the detector over
large dataset of about 200 thousand key-frames in TRECVID'09 wls ossible due to the
fast training and testing of random forest. We also proposed ExtenO&ifBr classi cation by
detection, which allows us to use only one aspect ratio and still cover fge lange of aspect
ratios while testing.

We have proposed an architectusecabulary Trie for online content based processing of con-
tinuous stream of videos to detect video segments of interest. It is based and bag of words
model to simultaneously match multiple video segments in the database with the larigedepu
stream. We focus on enhancing the throughput of the system and foartie we need the al-
gorithm capable of simultaneous spotting of multiple examples. Our formulatiorefiéstively
utilizes the sequence information of the video stream, rather than treatingseasfframes. To
handle generic video ltering situation and address other practical clgtewe propose Forest
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of Tries. Our approach is generic and applicable for many applicatiohsdlea matching video
sequence. We have demonstrated this by doing content based coptipd€@BCD) experiments
on MUSCLE VCD 2007 and broadcast news database.

We have presented an approach for mining characteristic patterns irs\videa unsupervised
fashion. Mining is done based on frequently occurring patterns in theygtene possible pat-
terns can be scenes, characters or sequences of frames. Iroomapproaches we apply frequent
pattern mining algorithm to visual data. Our second approach uses raretbtrées to represent
frames or images as a sequence of items and nds the frequent onesoWtlediscover char-
acteristic patterns and main actors of movie using frequent itemset mining. dvdeaieed and
detectedrideo-stop word#n broadcast news videos.

6.2 Future Work

The following perspectives for extension of the work presented in thgglseem worth investigat-
ing:

In our detection results on VOC datasets we observed many false negatinessed detection
due to truncation and occlusion. Also when the object is very small or withflatt@zulation
detections are missed. There has been efforts [48, 162] towards rdimgy to handle such
dif cult cases. But still state of art is far from what is desired. Ourtrsep is to work on dealing
with the cases of truncation and occlusion.

Given the fast training and testing of random forests it would be interegtiragply them on
videos (with other tracking algorithm) for tracking objects by detection. Canotis improvement
of classi er by online learning of trees can be a promising.

Processing of on-line video sequences for information extraction aladwiaing has many sig-
ni cant applications in video scale-invariant retrieval. We are workingamg designing appro-
priate processing (indexing, matching, ranking) architectures forrirdton retrieval tasks from
broadcast and other similar on-line video streams. One of the challengbtaining real-time
solutions to the on matching in large line processing tasks is the computatiooras eéfquired
for feature extraction and matching. Our proposed architectaeabulary Trig is highly paral-
lelizable and a GPU based implementation can speed up the solution signi cantly.

Freqguent pattern discovery in visual data has potential for many extenaiod applications.
For example in content based retrieval, it might be worthwhile to use mining to &arctural
patterns of features for a given query on-line.
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