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Abstract

In today’s information society, two important trends can be observed :
(1) the digital universe -particularly still or moving images- is growing ex-
ponentially and (2) computer networks are becoming more heterogeneous.
The former raises the need for tools to guide the user within large data
spaces, while the latter requires a representation of information that is suf-
ficiently flexible to adapt itself optimally to various network constraints or
user requirements. In this thesis, we focus on image information and ad-
dress these needs by investigating three complementary aspects of a remote
image server.

First, a scalable image representation, namely JPEG 2000, is studied.
This compression standard organizes the image information in such a way
that almost any spatial area can easily be extracted at any resolution and
bit-depth. This scalability implies a high computational load that may
require a hardware implementation when dealing with real-time constraints.
The main characteristics of such hardware architecture are also presented.

Secondly we consider the issues of scheduling and caching JPEG 2000
data in client/server interactive browsing applications under memory and
channel bandwidth constraints. We evaluate several strategies to schedule
data packets that are likely to become relevant to expected future Windows-
of-Interest (“pre-fetching” techniques), and show how the system reactivity
can be improved.

Finally, we investigate how to perform categorization and retrieval tasks
directly in the compressed domain. Thanks to the JPEG 2000 scalability
the discriminant level of a compressed image characterization is directly
related to the amount of extracted data. Taking this finding into account,
an original representation, called integral volumes, is introduced to store
such characterization. Combining integral volumes with random decision
trees, we propose a JPEG 2000 image classifier that achieves performances
similar to the best uncompressed image classification results obtained on
several freely available databases. Eventually, to address the image retrieval
problem, a cascade of such classifiers is used, enabling a cost-optimized
coarse-to-fine retrieval process.
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Introduction

It is a press, certainly, but a press from which shall flow in
inexhaustible streams... Through it, God will spread His Word.
A spring of truth shall flow from it: like a new star it shall
scatter the darkness of ignorance, and cause a light heretofore
unknown to shine amongst men.

Gutenberg.

The library is a labyrinth ¢

William of Baskerville,
in The Name of the Rose [33], p.157.

1.1 Motivations and context of this work

The invention of movable type printing, attributed to German gold-
smith Johannes Gutenberg in 1439, was a revolution in Europe: spreading
information became much easier and abbeys were no more the only places
to gain access to knowledge. Although we should let History tell, the begin-
ning of the digital era and the development of the Internet appear to bring
to our world as important changes than the printing press did [86]. The
biggest of these changes is that the binary representation of information,
whether visual, audio or textual, allows for the first time to dissociate the
information from its original medium (film, vinyl, paper, etc). Until now,
the way we were storing, accessing, protecting or distributing information
was intrinsically linked with this physical medium. But now, as information
is dematerialized in a stream of 0’s and 1’s [40] and as computer networks
can efficiently process it, almost all tasks related to information manage-
ment have to be re-invented. A good illustration of this is the obsolescence
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of the music sales business model, based on the sale of a medium (tapes,
CDs) that includes author’s retribution. Such model is obviously not valid
anymore, as evidenced by the amount of songs daily shared on the Inter-
net. In this context of digital revolution, two trends can in particular be
observed, and are the main motivations of the present work.

The Big Bang of the digital universe

First, the amount of digital data increases drastically. YouTube, this
online video hosting company created 3 years ago, streams 100 million
videos a day. Studies have shown that around a billion songs a day are
shared over the internet in MP3 format. 64 trillion bits a day are trans-
mitted from London’s traffic surveillance cameras to data centersd Usual
consumer digital cameras “spend” nowadays around 10 million pixels on a
single picture. Examples are numerous. This increase is due on one hand to
the fact that more and more analogical measurements from the real world
are digitized and then replicated for purposes of storage, transmission or
any other processing. On the other hand, as accuracy requirements become
more constraining, and as sampling structures get finer, a given analogi-
cal measure results in even more digital data. Recently, IDC, a company
specialized in studies on information technology markets trends, released a
report [39] on this “expanding digital universe”. Amongst the key findings,
one will mention:

e From 2006 to 2010, the information added annually to the digital
universe will increase more than 6 folds, from 161 to 988 exabyted’}

e Images, captured by more than 1 billion devices in the world, from
digital cameras and camera phones to medical scanners and security
cameras, comprise the largest component of the digital universe.

e By 2010, 70% of the digital universe will be created by consumers
(taking pictures, talking on the phone, working at home computers,
etc). However, organizations (business of all sizes, agencies, govern-
ments, etc) will be responsible for the security, privacy, reliability and
compliance of at least 85% of that same digital universe.

'These three examples come from [39].
21 exabyte = 1 billion of gigabytes = 25° bytes.
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These findings and predictions give us some hints on the kind of tools
that should be developed to manage this growing world.

First of all, compression is still relevant. As storage devices are getting
cheaper and bandwidths broader, one could reasonably question the actual
need to compress data. However, analysts show in [39] that the growing
pace of the digital world is actually greater than the one of the global
storage capacity. Being able to store all these images, movies and music in
a raw format remains therefore an utopia, and smart algorithms are still
needed to efficiently format information. Moreover, as we shall see below,
compression becomes only one requirement among others in the design of
such algorithms.

Second, solutions are needed to avoid a digital chaos. Or at least to
find our way in this chaos. Having access to terabytes of data is useless if
we cannot efficiently find the information we are looking for. Regarding
textual information, the problem is easy (in comparison with visual or
audio information) and has already been smartly and successfully solved
by companies like Google. But as indicated above, the largest part of the
data is still or moving images. And the only way to deal with this increase
of the amount and diversity of image data is the development of techniques
to guide and assist the user within these large data spaces. Unfortunately,
as “a picture is worth a thousand words”, this challenge is a thousand
times more complex than with textual information (due in particular to
the so-called semantic gap [127]). Consequently, a single fully-automatic
algorithm might not be optimal to address the complexity and the diversity
of the problem. On the contrary, several complementary techniques will
likely have to be combined to produce good results: meta-data generation,
content-based search, efficient browsing techniques, relevance feedback, etc.

Finally, organizations are the custodians of users data. Although in-
dividuals will create most of the future digital information, they will not
simply keep it on their personal hard drives. The data will be touched at
some point by an organization: in a data center, an images server, a hosting
site or a remote back-up system. These organizations therefore need appro-
priate and efficient infrastructures to manage, host, secure, and transmit
this digital universe.

Scale to your needs

The second trend concerns the access to this huge amount of digital
data. The digital universe is growing, for sure, but its access roads are also
getting more heterogeneous. Development and diversification of computer
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networks allow us to require access to any information at any time in any
place and from any device. Mobile phones, PDAs, GPS, laptop and desktop
computers, etc: all are different kinds of devices with different resources,
notably in terms of bandwidth and display size. And when delivering infor-
mation, these resources have to be taken into account for obvious usability
reasons. A first solution would be to store on a server several quality levels
of the same information so as to be able to answer appropriately the re-
quests from different devices. However, a smarter, more efficient, and less
space-wasting solution is to find a single representation of information that
would be sufficiently flexible to adapt itself optimally to various network
constraints, terminal devices or user requirements.

Moreover, while an ever larger fraction of people from industrialized
countries are getting a broadband access whatever their location, this is not
at all the case for everybody, particularly in developing countries. This gap
between the technologically rich and poor is called the digital divide [82],
which is nothing more than a new instantiation of the social divide. Taking
this network heterogeneity into account and ensuring that most people can
efficiently access information whatever their resources, is therefore not only
a smart move on a diversifying market but it also brings social benefits.

If we now focus on images, the “flexible representation” mentioned above
means that a single format should be able to optimize the visualization un-
der the constraint of available resources. This property is also often called
scalability and is lacking in several image compression standards, such as
JPEG. In the DCTE—based approaches (JPEG, MPEG) any change of res-
olution or any new rate-quality trade-off is reached through decoding and
re-encoding of the images. On the contrary, the latest image compression
standard from the JPEG committee, called JPEG 2000 [6], enables inher-
ently such scalability: according to the available bandwidth, computing
power and memory resources, different resolutions and quality levels can
be extracted from a single bit-stream. Moreover, as we shall see in this
work, the scalability of an image representation can not only be used to
adequately adapt itself to available resources but it can also efficiently be
exploited in retrieval tasks. Additionally, it is interesting to point out that
this concept of scalability is actually a very natural concept. The analysis
of basic processes involved in animal (or human) vision has shown that
the eye automatically makes a multi-scale decomposition of the observed
image, even before any intervention of the brain (early visual system). In

!Discrete Cosine Transform, a transformation of the image that reveals its frequency
content but looses the spatial information.
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front of a beautiful “postcard” mountains landscape, we will therefore first
get a global coarse view of the whole landscape (mountains, valleys) before
focusing on details like creeks or fir trees distribution}

1.2 Goals and thesis organization

If we summarize the key points of the previous section, we can basically
identify two needs: (7) the need for tools able to guide and assist a user when
“traveling” in the growing digital universe, (i) the need for a compressed
and flexible representation of information. Moreover, we have seen that
images (still or moving) will represent the largest part of this information.
In this context, our work focuses on

the development of systems using flexible bit-streams
to browse and search information within high resolution
images.

Practically, we consider the existence of a remote image server and we
investigate three aspects of such server:

e the representation used to efficiently store the images,

e techniques to enable a smooth and seamless remote navigation in
these images,

e algorithms allowing to retrieve (parts of) images similar to areas of
interest submitted by the user.

We explicitly consider high resolution images (also called mega-images)
but it is not a restrictive choice: smaller images or even moving images
(videos) could also be handled. In this last case, our system would ade-
quately be combined with the approach proposed in [76], that generates a
video summary in the form of a single high resolution mosaic of key-frames.

Regarding the flexible representation used for the images, the above
mentioned JPEG 2000 algorithm has been chosen. This choice is moti-
vated by several reasons: it is an efficient compression algorithm, it has
the status of International Standard (and is therefore royalty-free), and a
growing number of professionals show a real interest in its useﬂ But most
importantly, this algorithm is highly scalable, and this property lies at the

!Thanks to Laurent Jacques [47] for this nice illustration.
2See next chapter for a more detailed description of the JPEG 2000 adoption.
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basis of all results obtained in the proposed browsing and retrieval tech-
niques. As such, the implementation of our work deeply depends on the
JPEG 2000 standard, but the underlying concepts only assume the scala-
bility of the image representation format. Should JPEG 2000 be dethroned
by a “JPEG 30007, these concepts would therefore remain valid as long as
this new algorithm remains scalable. And we believe scalability is such a
natural and powerful property that it would necessarily be the case.

Many applications could draw benefit from such remote image server.
Among them, we could cite at least medical applications, audio-visual
archives, and remote sensing, as professionals from these fields have ex-
plicitly shown us their interest in this kind of tool.

In the following, each of the three aspects enumerated above is inves-
tigated in a separate chapter, that we now briefly introduce. We invite
the reader to refer to Figure to get a visual illustration of the thesis
organization.

In Chapter [2] we describe in more details the JPEG 2000 image compres-
sion standard. Both a functional and a technical description are given,
which are the prerequisites to fully understand the two next chaptersﬂ
Then, the main algorithm drawback -complexity- is highlighted, together
with its implications in terms of implementation. When a high-processing
rate is required to encode or decode images (to meet a real-time constraint
for example), a hardware implementation might be considered. The main
characteristics and performances of such hardware architecture are pre-
sented. This system, that we partly developed in the context of this thesis,
was initially designed for Digital Cinema. However, an adaptation is un-
der development by a spin-off so that it can be exploited in heavily loaded
image servers like the one considered here.

Chapter [3| deals with JPEG 2000 remote browsing. It considers the is-
sues of scheduling and caching JPEG 2000 data in client/server interactive
browsing applications, under memory and channel bandwidth constraints.
It analyzes how the conveyed data has to be selected at the server and man-
aged within the client cache so as to maximize the reactivity of the browsing
application. In particular, several pre-fetching techniques are proposed and
compared. Pre-fetching consists in sending data in advance to the client
because it is likely to be requested in a near future.

Tt should be noted however that each chapter is as self-contained as possible and a
reminder of important concepts is always given when necessary.
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Remote image
server

CTTTTTTTTTTTTTT T T T T T T T T » Chapter 4
I
- _______ T
- Scalability N
- Wavelet discriminant power - Scalability
- Header contents - Rate allocation
------- - Chapter 2

Hardware acceleration

Figure 1.1: Thesis organization. Three aspects of a remote image server
are studied: the flexible representation of images (and some implementation
issues), a remote browsing module, and compressed retrieval techniques.
The two last components rely on the first one in several ways, as indicated
in the figure.
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In Chapter [4] we address the issues of analyzing and classifying JPEG 2000
code-streams, which can be useful in any application that involves (semi)
automatic image categorization or retrieval tasks. Being able to mine into
compressed code-streams is obviously of great interest when dealing with
a huge amount of data, as heavy decoding operations can be avoided. As
we shall see in this chapter, such compressed retrieval operation in the
JPEG 2000 domain is not only possible but actually also very efficient, as
its scalability allows for a coarse-to-fine approach that guarantees a good
trade-off between computational load and performances.

In the last chapter, we summarize the contributions of each chapter and
present several future research directions. In particular, synergies could be
exploited between hardware aspects, browsing and retrieval. Although they
are presented separately in each chapter, these components have indeed to
be thought globally, as making part of a unified framework whose cement
is the JPEG 2000 algorithm.



JPEG 2000, a flexible
image compression
standard

Introduction to a flexible image compression standard:
functional, technical, and implementation aspects of JPEG 2000

This chapter presents in more details the JPEG 2000 image compression
standard. First, a functional description explains why this algorithm can be
considered as flexible. The various scalability levels are illustrated and other
useful features are detailed. Then, a technical description is given: this rich
features set is made possible thanks to the combination of a discrete wavelet
transform and a context-based adaptive binary arithmetic coder. The main
drawback of this algorithm is that it requires a high computational load, in
comparison with other still image compression standards, like JPEG. This
leads to several implementation issues when addressing applications with
real-time constraints, like Digital Cinema. These issues are described in
the last part of this chapter, together with a brief presentation of an FPGA-
based hardware architecture of a JPEG 2000 decoder that we partially de-
veloped in the context of our work. The implementation aspects mentioned
in this chapter have been discussed in two conference papers [17, [18] and a
journal paper [21], and has been successfully commercialized by the intoPIX
spin-off as an IP (Intellectual Property) [20)].
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2.1 Introduction

As explained in the previous chapter, the development of digital tech-
nologies has drastically modified the requirements and constraints that a
good image representation format should meet. In the early development of
digital imaging applications, the requirements were to achieve a good com-
pression efficiency while keeping the computational complexity low. This
has lead in 1992 to the standardization of the JPEG format, which is still
very widely used today. Over the years however, many things have evolved:
more computing power is available and the development of Internet has
required image representation formats to be more flexible and network-
oriented.

In this context, the JPEG committee worked on a more scalable, but
also more complex, image compression algorithm, called JPEG 2000. It
became an International Standard from the ISOY in 2001. Since then, it
is being adopted on a growing number of markets. However, its high com-
plexity (in comparison with JPEG) has somewhat slowed down its adop-
tion. Moreover, several other compression formats have been developed
and JPEG 2000 has to “share” its potential users with them. JPEG for
instance is still popular in consumer pictures handling applications. There
is also HD Photo [105], a new compression format from Microsoft, that
reveals itself to be simple but better than JPEG and which could replace
it on the consumer market. On the video sideﬂ MPEG-2, MPEG-4 (also
called H.264-AVC [120]) or soon SVC (Scalable Video Coding [102]) will
on their side remain well suited candidates for HD-DVD’s, tv-on-demand
and all the end-user segment of broadcast. JPEG 2000 is therefore focus-
ing on other markets, which are mainly professional markets that require
a high quality level and intrinsic scalability. Among them, we should cite
Digital Cinema (DC) that has adopted JPEG 2000 as its official standard.
Broadcast also shows a growing interest for it, at least on its Contributiorﬂ
segment [106]. Other potential applications are Medical Imaging [36, [1T6],
Remote Sensing [126], and audio-visual archives [48].

Since its release in 2001 (and even already before), JPEG 2000 gave
rise to a huge amount of articles, from technical descriptions to short and
popularized overviews or market-flavoured presentations. Among others,

nternational Organization for Standardization.

2JPEG 2000 could indeed also be used as a video compression algorithm, without
however exploiting the temporal redundancy.

3The contribution, in broadcast, is the transfer of high quality versions of the dis-
tributed media between different broadcast providers.
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we should obviously cite the official document provided by the JPEG com-
mittee [6]. As it defines the standard, it is logically exhaustive, but not
easily readable. More accessible are the papers [92] and [104] that give a
good technical and functional overview of the standard. A detailed and
exhaustive description, together with deep explanations of the underlying
concepts, is given in [112], a book written by two “fathers” of JPEG 2000,
D. Taubman and M.W. Marcellin.

In the remainder of the chapter, we give in Sections and a brief
description of the standard. In Section we address the main imple-
mentation issues and present the performances reached by an hardware
implementation that we partially developed and that is now being com-
mercialized.

2.2 Functional description

The JPEG 2000 image compression standard has been split in several
parts, the first one being the core coding system. We first introduce the
features of this baseline standard, before briefly describing some of the
enhancements provided by the other parts.

2.2.1 Basic features

The core coding system defined in JPEG 2000 part 1 defines a compres-
sion algorithm and a code-stream syntax. One of the main requirements of
this system was to define a single algorithm that could be used in many dif-
ferent applications and use cases. Indeed, the JPEG 2000 authors wanted
to avoid the main drawback of JPEG: its lack of modularity due to the exis-
tence of too many incompatible modes[ﬂ With this in mind, they designed
JPEG 2000 in a very flexible way. Any JPEG 2000 compliant code-stream
inherently benefits from many useful features, much beyond what the JPEG
core system was proposing. Here are the most important ones.

Handling of a wide variety of images

JPEG 2000 can handle many different kinds of images: from small ones
to mega-images, with 1 up to 16 384 components, each one with up to 38
bits per pixel.

1JPEG has 44 modes: most of them are designed for very specific applications and
many JPEG codec only know a few of them.
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High compression efficiency

As detailed in [100], the rate-disortion curve achieved by a JPEG 2000
compressed image is very good, compared to other coding schemes. This is
largely due to the use of an adaptative arithmetic entropy coding (described
in Section , which is more efficient than a Huffman entropy coding
system used in JPEG or MPEG standards.

Moreover, at low bit-rates, the coding artefacts that appear are usually
less annoying for the human visual system than the blocking effects com-
monly found when compressing images with DCT-based standards. Indeed,
these “DCT-blocks” manifest themselves as horizontal and vertical straight
lines -virtually unknown in nature- while wavelets artefacts have more nat-
ural curved shapes and are therefore less visible. Fig. illustrates this
high compression efficiency by comparing a JPEG and a JPEG 2000 im-
age at two different compression ratios. As we see, the visual quality of
JPEG 2000 is better.

Lossy and lossless compression

An important advantage of JPEG 2000 in comparison with other stan-
dards is to enable both a lossless and a lossy compression, using the same
algorithm. It further increases the genericity of the standard as the same
compression algorithm can be used in a wide variety of applications, from
medical diagnosis (that requires lossless compression) to consumer images
distribution (that can afford losses). Moreover, within a given application,
a losslessly compressed image can be used to extract lossy versions of it, as
explained in the next paragraph.

Scalability

What fundamentally makes JPEG 2000 a flexible image compression
algorithm is its ability to seamlessly adapt itself to the user needs and
available resources, which is often called scalabilityf[] Tt means that within
a JPEG 2000 code-stream, the image data is distributed in such a way that
one can easily extract the exact portion of information that corresponds
to his needs (in terms of image area, resolution, etc) and that takes into
account the available resources (in terms of bandwidth, display, etc). This
scaling can be done at four different levels (see Fig. :

In a more general sense, scalability is defined as the ability of a computer application
or product (hardware or software) to continue to function well when it (or its context) is
changed in size or volume in order to meet a user need. http://wuw.whatis.com.
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Figure 2.1: Subjective comparison between JPEG (left) and JPEG 2000
(right) compression efficiency. First row: original image. Second row:
compression ratio of 170. Third row: compression ratio of 65.
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1. the resolution: the wavelet transform (briefly described below) reor-
ganizes the information in so-called resolution levels. Starting from
the original full resolution, each successive level divides the image
width and height by 2, leading to a 4-times smaller version of the
image from the previous level.

2. the bit-depth: data is entropy-encoded on a “per bit-plane” basis. This
means that most significant bits of all pixels are encoded before less
significant ones. By grouping encoded bits of equal significance, we
obtain quality layers. The first quality layer gives a coarse version
of the image (only the most significant bits of each pixel are used),
which is further refined by subsequent quality layers. Note that the
lossless compression ability mentioned above corresponds to a case
where all bits from each wavelet coefficient are kept (no quantization)
and entropy-encoded]

3. the spatial location: any spatial area inside an image can easily be
extracted from a JPEG 2000 code-stream without having to process
other parts of this image.

4. the color component: when an image is made of several components
(like in color images or, more generally, multi-modal images), each
component is coded independently and can therefore be extracted
separately.

Practically, a JPEG 2000 code-stream is made of a succession of packets,
each one containing the information related to a certain quality layer from
a certain resolution, in a certain spatial location of one of the image compo-
nents. This scalable way of organizing information inside the code-stream
provides several useful features, like:

e Random access: the scalability levels can be mixed and used all to-
gether. It is therefore possible for example, starting from a com-
pressed color image, to extract the two first quality layers from the
lowest resolution of the upper left corner of component Y.

e Single compression, multiple decompression: a single JPEG 2000
code-stream can be decompressed in a lot of different ways, depend-
ing on the user needs or available resources. Fig. illustrates this

!To be accurate, we have to mention that a lossless compression also implies to use
reversible color and wavelet transforms, as described below.
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Figure 2.2: Scalability in JPEG 2000. Starting from a JPEG 2000 code-
stream, image information can be extracted in several different ways: (a)
by resolution, (b) by quality layer, (c) by spatial location, (d) by component
(here: 'Y, Cb and Cr components, represented with a grayscale colormap).
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as all twelve versions of the image are extracted from the same code-
stream. This feature is very useful in streaming applications for ex-
ample: based on a single version of the images stored on a server,
various quality levels can be delivered to different clients, according
to their interest and available resources.

o Various kinds of progressive transmission: packets can be ordered in
several ways, leading to different kinds of progressive transmissions
when the code-stream is sent over a network. We can for instance
decide to transmit all information related to the lowest quality layer
first. Moreover, switching from a progression order to an other does
not require any decompression operation: a simple packet re-ordering
is sufficient.

As we shall see in Chapter [3| and 4| these features are of great interest
for browsing or retrieval applications. When remotely browsing an image,
the user can pan and zoom while limiting the transmission to the packets
related to his moving window-of-interest. In a retrieval context, we will
see that the JPEG 2000 scalability enables a coarse-to-fine approach that
allows to automatically retrieve areas of interest while limiting the required
computational load.

Region-of-Interest coding

When processing an image, JPEG 2000 allows to specify certain areas
that have to be compressed with a better quality, i.e. with a smaller com-
pression ratio. Indeed, it can happen that all regions of an image do not
have the same importance and that some areas have to be preserved from
any compression artefact. With this mechanism, it is still possible for ex-
ample to get a globally highly compressed image while having some areas
that are almost losslessly compressed.

Error Resilience

When transmitting an image over a network, some errors or packet
losses can occur. They decrease the overall quality of the displayed image
or even make the received stream unusable. JPEG 2000 has several built-in
mechanisms that avoid error propagation by enabling re-synchronization
operations during the code-stream decoding. In this way, a single error
cannot alter the whole image but will rather damage only a small part of
it.
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Moreover, the scalability levels detailed above can be adequately com-
bined with a smart error protection strategy. Indeed, unequal error pro-
tection can easily be implemented by inserting stronger forward error cor-
rection (i.e. more redundancy) in parts of the code-stream that are of
great importance (headers, low resolutions or low quality layers). By doing
S0, we increase the probability to at least receive a low quality version of
the image, without saturating the bandwidth. This kind of mechanism is
used for instance in a set of tools specifically designed for transmission of
JPEG 2000 images over wireless networks, called JPEG Wireless (JPWL).

2.2.2 Additional features

The features described above are all available in the JPEG 2000 core
coding system, which is the part 1 of the standard. In addition to this,
several extensions have been defined, each one being described in a spe-
cific part. For the sake of completeness, we provide in Table 2.I] a brief
description of the different additional parts of the JPEG 2000 standard.

Among these extensions, the part 9, JPIP [89], that standardizes
the communication between a client and a server for the transmission of
JPEG 2000 images is of high interest in the context of our work. Indeed,
in Chapter [3] we address the problem of JPEG 2000 remote browsing and
assume that a similar protocol is available to forward client requests to the
server and send back image data to the client. Based on this assumption,
we can focus on the issues related to the selection and caching of conveyed
image data units in order to improve the browsing system reactivity.

Another standardization effort that is worth mentioning is called
JPSearch [54]. It has begun in 2004 (it is currently still under way) and
is not part of the above mentioned extensions as it is not intended to be
restricted to JPEG 2000 images. JPSearch aims to provide a standard for
interoperability for still image search and retrieval systems. This includes
the specification of a meta-data format, a common query language, etc. In
Chapter [4] we introduce a JPEG 2000 retrieval system and we assume the
existence of such JPSearch query language, so that we can focus on the
performances and accuracy of our system.

As we see, JPEG 2000 is completed with several additional tools that
facilitate its use in various application frameworks. The existence of such
tools for browsing (JPIP) and retrieval (JPSearch) applications allows us
to rely in both cases on a strongly formalized framework. It also comforts
us in the interest raised by such applications.
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Part Name Description

1 J2K, JP2 | JPEG 2000 core coding system.

2 JPX Algorithm extensions (like user-defined wavelet
transform).

3 MJ2 Motion JPEG 2000: encapsulation format to store
a set of successive JPEG 2000 frames (like a movie).

4 - Compliance procedures: test-images sequences in
order to verify the correct behavior of a given codec.

5 - Reference software.

6 JPM Compound image format: extension enabling to ef-
ficiently code documents containing both text and
images.

7 - Hardware implementation interoperability (aban-
doned)

8 JPSEC | Tools in order to allow applications to generate,
consume, and exchange secure JPEG 2000 code-
streams.

9 JPIP JPEG Interactive Protocol: client-server protocols
for remote browsing of JPEG 2000 images.

10 JP3D Extensions for 3D-data and floating point data
(volumetric imaging)

11 JPWL Additional data structures and error protection
techniques for transmission of JPEG 2000 images
on wireless networks.

12 - Base Media File Format: common encapsulating
format for JPEG 2000 and MPEG4.
13 - Baseline encoder guidelines.

Table 2.1: The different parts of the JPEG 2000 standard. Concerning the
part 8 “MJ2”, note that although a movie can be stored with such format,
it does mot mean that motion compensation is done: frames are coded sep-
arately and encapsulated in a single file.
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2.3 Algorithm overview

In this Section, concepts and vocabulary useful for the understanding
of the next chapters are presented. For more details, [6] or [92] should be
referred to. Readers familiar with the JPEG 2000 algorithm should skip
this section. Fig. presents the successive coding steps that have to be
applied to an image in order to obtain a JPEG 2000 code-stream. Each
step is briefly described below.

v

original Pre- Wavelet - Context Arithmetic Rate Bit stream JPEG 2000
s —> : Quantization e deli — di — allocation P
image processing transform modeling coding (Tier 2) organization codestream

entropy coding (Tier 1)

Spatial coefficients Wavelet coefficients Compressed data

— o o . ‘ header ‘ packet ‘ ‘ header ‘ packet ‘
N - - - - L.
mage N LH HH ~ JPEG 2000 code-stream

Data field

Figure 2.3: The JPEG 2000 coding steps. Spatial coefficients (aka pixels)
are first transformed in wavelet coefficients. Then, the different subbands
from each resolution level are divided in code-blocks that are independently
entropy-coded. FEventually, entropy-coded data is distributed in packets that
compose the final JPEG 2000 code-stream.

Pre-processing

Three operations can be done during this first step. First of all, the
image can be split into rectangular blocks called tiles, that will be com-
pressed independently. This is particularly useful for applications with lim-
ited memory resources. Then, if pixels are represented by unsigned values,
they are shifted to get the corresponding signed values. Eventually, in case
of an image made of several components, an inter-component decorrelation
can be applied. For instance, in part 1, the RGB to YCbCr transforma-
tion is specified. Such decorrelation increases the subsequent compression
efficiency as components are encoded independently from each other.
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Discrete Wavelet Transform

After this pre-processing step, an intra-component decorrelation is per-
formed on the tile: on each component a discrete wavelet transform is
carried out. Wavelets have been developed long before JPEG 2000: the
theory of wavelets has been written in the mid-eighties (see for instance
the founding paper [42] by Grossman and Morlet) but it actually formal-
izes some concepts that were already in use at the beginning of the 20th
century, like Haar functions. We invite the reader to refer to [43] for a
complete chronology of the development of this theory.

Like many signal processing tools, wavelets aim at changing the rep-
resentation of a signal (i.e. the association of a time or a position with a
certain value) so as to reorganize the information contained in the signal and
reveal some properties that were not appearing clearly in the initial repre-
sentation. Those properties can then subsequently be used in the targeted
application, which could be signal compression for instance. Among com-
monly used transformations, we should cite the ones based on the Fourier
transform (like the Discrete Cosine Transform, used in JPEG). Such trans-
forms unveil the frequency content of a signal but by doing so, they lose the
spatial information. In comparison, the wavelet transform has the great ad-
vantage to reveal the frequency content of a signal while keeping its spatial
consistency. This is called a “time-frequency” representationﬂ Such repre-
sentation is obtained by comparing the signal to a set of functions, or atoms,
each atom being obtained by applying simple transformations (translation,
dilatation, rotation, etc) to a mother-function 1. In the case of wavelets,
1 has to verify some properties, one of them being that fR 1 = 0. This im-
plies that v oscillates around 0, which explains the term “wavelet”. Among
other advantages, this transform enables a multi-resolution analysis of the
studied signal [65], obtained by successive dilatation of the function 1. As
we know, this ability will be extensively used in JPEG 2000. Getting into
a deeper description of this theory is beyond the scope of this thesis but
we invite the interested reader to refer to [67] for more information on this
powerful tool and the underlying mathematical concepts.

From an “engineer” point of view, a wavelet transform can actually be
seen as a filter applied on the signal. In the case of JPEG 2000, the goal
of this filter is to separate high and low frequencies of the image. By do-
ing so, the image information (mostly contained in the low frequencies)
is concentrated in a very localized zone of the image, allowing to more

!The “time” has here to be understood in a broad sense and means the position of a
value in the space of the signal being analyzed [47].
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efficiently compress the remaining areas. Practically, successive dyadic de-
compositions are applied. Each uses a bi-orthogonal filter bank, followed
by a decimation by a factor 2 in both directions. Each decomposition splits
high and low frequencies in the horizontal and vertical directions into four
subbands. The subband corresponding to the low frequencies in the two
directions (containing most of the image information) is used as a start-
ing point for the next decomposition, as shown in Fig. By default,
the JPEG 2000 algorithm performs five successive decompositions but this
number can vary from 0 to 32. Two filter banks have been standardized:
the Le Gall (5,3) filter bank, for lossless encoding, and the Daubechies (9,7)
filter bank, that usually performs better than the first one but is not strictly
reversible so that it can only be used for lossy encoding.

LL2 | HL2
L1 LL1 HL1 HL1
LH2 [ HH2
LLO —> e
H1 LH1 HH1 LH1 HH1
N 1st decomposition o 2nd decomposition g

Figure 2.4: 2-levels Discrete Wawvelet Transform.

At the output of the wavelet transform step, the pixels of the image
have been transformed in so-called wavelet coefficients, as illustrated in
Fig.[2.5 It is important to understand here that no compression has been
done up to this point. The image information has just been reorganized
and decorrelated so as to concentrate the image energy in the upper left
corner. By doing so, the image has been “prepared” for compression: most
high-frequency subbands coefficients are indeed close to zero (grey points
in Fig. and will be therefore very easily compressed.

Quantization

In the case of a lossy compression, a uniform scalar quantization with
deadzone at the origine is applied to the wavelet coefficients. If lossless
compression is required, no quantization is performed. It should be noted
that during the rate allocation step described hereunder, a second kind of
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Figure 2.5: Ezxample of Discrete Wavelet Transform on an image. 3 suc-
cessive decompositions are carried out. Note that the white borders are only
there for visual convenience and are not produced by the DWT.
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quantization is performed, as some parts of the entropy-coded least sig-
nificant bits of coefficients might be dropped in order to reach a certain
compression ratio.

Entropy coding

Every (quantized) subband is then split into rectangular entities called
code-blocks. Each code-block is compressed independently using a context-
based adaptive entropy coder. It reduces the amount of data without losing
information by removing redundancy from the original binary sequence.
“Entropy” means it achieves this redundancy reduction by using the prob-
ability estimates of the symbols. Adaptability is provided by dynami-
cally updating these probability estimates during the coding process. And
“context-based” means that the probability estimate of a symbol depends
on its neighborhood (its “context”). Practically, entropy coding consists of

e Context Modeling: the code-block data is arranged in order to first
encode the bits which contribute to the largest distortion reduction
for the smallest increase in file size. In JPEG 2000, the Embedded
Block Coding with Optimized Truncation (EBCOT) algorithm [111]
has been adopted to implement this operation. Unlike JPEG that en-
codes data coefficient by coefficient, the coefficients in the code-block
are bit-plane encoded, starting with the most significant bit-plane.
The most significant bits from each coefficient allow indeed to rapidly
get a coarse idea of its final value and contribute therefore to a larger
extent to the global distortion reduction than less significant bits.
This way of encoding data is also what enables the bit-depth scala-
bility described above. Moreover, instead of encoding the entire bit-
plane in one coding pass, bits from a given bit-plane are distributed in
three different categories, according to the distortion reduction they
are likely to provide. The neighbors of the bit to encode are used to
estimate this reduction and decide to which group the bit belongs.
A bit-plane is thus encoded in three successive passes (respectively
called significance, refinement and clean-up passes), with the provi-
sion of truncating the bit-stream at the end of each pass. During a
pass, the modeler successively sends each bit that needs to be encoded
in this pass to the arithmetic encoder described below, together with
its context.

o Arithmetic Coding: the Context Modeling step outputs are entropy
coded using a MQ-coder, which is a derivative of the Q-coder [77].
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Figure 2.6: Encoding of a code-block: bit-plane by bit-plane. Code-blocks
are usually 32x32 or 64x64 blocks of wavelet coefficients (here, only 25 co-
efficients have been represented for visual convenience).

According to the provided context, the coder chooses a probability for
the bit to encode, among predetermined probability values supplied
by the JPEG 2000 Standard and stored in a look-up table. Using this
probability, it encodes the bit and progressively generates code-words,
called segments. Note that when decoding an image, the context
modeling part only provides the context to the arithmetic coding
part and waits for the decoded bit. This bit is computed by the MQ-
decoder, that progressively consumes the compressed bit-stream.

Rate allocation

During the rate allocation, segments from each code-block are scanned
in order to find optimal truncation points to achieve various targeted bit-
rates. As mentioned above, each code-block has been encoded so as to
encode first the bits that bring the highest reduction in distortion. This
leads to a representation that is (close-to-)optimal in the rate-distortion
sense. As illustrated in Fig. [2.7] several truncation points are defined in
this representation, each one corresponding to a certain slope of the rate-
distortion (R-D) curve. When a targeted bit-rate R* is specified, the rate

allocation process tries to find the smallest slope \* = 22" such that the

sum of all code-blocks increments verifying ﬁ—g > A\ stAiﬁ meets the rate
constraint R < R*. Once A" has been found, all incremental contributions
satisfying the above condition are grouped in a so-called quality layer. Sev-
eral quality layers can of course be defined for a single image, corresponding
to successive different rate-distortion trade-offs. Note that a symmetrical

mechanism can be applied if a given maximum distortion is specified, in-
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@ = possible truncation point
(between two successive passes)

@ = last truncation point before
AD/AR < A*
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Figure 2.7: Truncation points on a rate-distortion curve for a given code-
block. Each incremental contribution (i.e. each coding pass) is character-
1zed by a certain slope ﬁ—g that will determine to which quality layer the
contribution belongs (or if it is dropped and not included at all in the final
code-stream,).

stead of a maximum bit-rate.

Packetization and bit-stream organization

Once the rate allocation step has distributed the incremental contribu-
tions from all code-blocks over the specified quality layers (and, in case of
a lossy encoding, once some of these contributions have been dropped), the
compressed data is divided in packets. A packet contains the information
related to a certain quality layer from a certain resolution, in a certain spa-
tial location of one of the image components. A spatial location is called
a precinct and corresponds to the set of code-blocks from all subbands of
a given resolution, and covering a given spatial area (Fig. [2.8). Packets,
along with additional headers, form the final JPEG 2000 code-stream. As
we will see in Chapter {4} useful information is stored in the packet headers,
like the length in bytes of the packet body or the number of most significant
bit-planes without any bit equal to 1.
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Figure 2.8: Precinct and code-blocks subdivisions. A precinct includes all
code-blocks belonging to a given resolution level and covering a given spatial
area. For example, in the highest resolution, the first precinct is made of
12 code-blocks, 4 from each subband. The size (i.e. the number of pizels) of
the area covered by a precinct can vary from one resolution level to another.
This is the case in the figure where this area size has been adapted in each
resolution level so as to have the same number of precincts (6) in each level.
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2.4 Implementation issues

All the nice features described in Section [2.2) are made possible thanks
to the algorithm summarized in Section [2.3] However, they come at a cer-
tain price, and imply several drawbacks, mainly in terms of complexity.
An overview of these weaknesses is given in Section [2.4.1} Depending on
the targeted application, various implementation choices can be made to
take into account both these drawbacks and the application constraints.
The main different kinds of implementation are reviewed in Section [2.4.2
Eventually, Section [2.4.3] briefly describes the characteristics and perfor-
mances of a hardware architecture we partly developed during this thesis.

2.4.1 Algorithm drawbacks

The main weakness of JPEG 2000 is its complexity. As shown in [57],
this complexity is mainly due to the entropy coder, which requires over half
the computation time. It can be explained by the bit-level processing of the
JPEG 2000 entropy coder, as opposed to the JPEG Huffman coder, which
only deals with entire samples. An N-bits sample is processed as N distinct
samples by the EBCOT. Moreover, each bit-plane is entirely scanned by
three successive passes, while each bit of this bit-plane is encoded only
once, in one of the three passes. Finally, both the encoding and decoding
schemes have their specific drawback. As the rate allocation step occurs
after the entropy-coding step, the encoder has often to encode data that will
eventually be dropped, which is not efficient. And concerning the decoder,
a feedback loop that does not exist at the encoder side forces the EBCOT
to wait for the MQ-decoder answer before being able to further process the
code-block. This means that main parts of the EBCOT and MQ algorithm
cannot be executed concurrently, which implies additional idle time.

Concerning the DWT part, the computational complexity is much lower,
but the memory requirements might be very high as tiles are handled en-
tirely (in comparison with the 8 x 8 DCT-blocks in JPEG).

Eventually, the system level also raises several problems. In particular,
resources required to interface the entropy coding and DWT sub-systems
are non-negligible. In a decoder for instance, samples are produced by the
entropy coder, bit-plane by bit-plane, one code-block at a time. Those
samples are then processed by the Inverse DW'T, coeflicient by coefficient,
one line at a time. This difference in the way each sub-system processes
data either implies tight synchronization between those sub-systems, or
additional memory resources to let them work independently ([112], p.690).
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2.4.2 FPGAs: a powerful, yet flexible solution

As mentioned above, JPEG 2000 can address a variety of different ap-
plications, each with its own constraints in terms of available resources and
required performances. For many of them, a software implementation of
the algorithm will do the job. For instance, this is the case for common still
image processing tools, or remote browsing applications (at least the client
side of them). The great advantage of such implementations is their high
flexibility: they are easily upgradable and customizable, and are cheap to
develop and distribute. Among such realizations, we would like to mention
the opensource C-library OpenJPEGEL that we maintain and develop in
the UCL Telecommunications Lab. As it is freely available, it is used in a
growing number of projects (GDCME| or SecondLif€E| to cite some of them)
and is continuously being optimized thanks to external contributions.

However, some applications have specific constraints that a software
implementation does not adequately fulfill. In those cases, hardware might
be considered. These constraints are:

e High processing rate: due to the high complexity described above,
applications with real-time constraints or high processing load of-
ten require a dedicated hardware. A typical example of such appli-
cation is Digital Cinema, for which JPEG 2000 has been chosen as
official standard. On-board image acquisition (in video cameras or
satellites) is another example. Nevertheless, as the complexity and
power of microprocessors increase, software programs reach higher
and higher performances. The fastest JPEG 2000 software implemen-
tation, KakadLﬂ has for instance recently announced that it was able
to satisfy current Digital Cinema specifications (up to 250 Mbits/sec
input rate, up to 4 Gbits/sec output rate) on a Dual Quad Core Xeon
x64 from Intel. Therefore, choosing hardware based on a high process-
ing rate requirement will remain relevant in the future depending on
the relative evolution of such constraint compared to microprocessors
performances.

e Security: in some applications, the security aspect -avoid the media
content to be stolen or corrupted- is of high importance. Again, this
is for instance the case in Digital Cinema, that handles brand new

"http:/ /www.openjpeg.org
*http://www.creatis.insa-lyon.fr/Public/Gdem/
3http://www.secondlife.com
“http://www.kakadusoftware.com
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and unseen movies that have consequently a high intrinsic commercial
value. Hardware should also in this case be preferred as it is a lot
more secure than software programs. And, unlike the “high processing
rate” constraint, this is not very likely to change in a near future.
Indeed, software programs rely on general purpose operating systems
that in turn depend on microprocessors designed to address a lot of
different problems. As these microprocessors become more powerful
and complex, this inevitably opens new doors for attacks, intrusions,
etc. A good example of this is the processor virtualization ability [9§]
that allows the creation of new kinds of malware. On the contrary,
dedicated hardware circuits have a reduced set of functionalities and
are, as such, inherently less vulnerable.

When dealing with dedicated hardware, there are basically two kinds
of circuits that might be considered. The first one is an ASIC (Applica-
tion Specific Integrated Circuit). Once such circuit has been designed and
tested, the production cost is low. The development process however might
be long and expensive, as any new prototype implies a step at the foundry.
It therefore targets (very) large markets with well-known and stable tech-
nology. On the other hand, FPGAs (Field Programmable Gate Arrays)
are entirely reconfigurable. The unit production cost of such chip is higher
than for an ASIC but the development of a new architecture is easier and
cheaper as it can be modified at any time in the process. Such solution
will therefore be used in markets that are smaller or for which upgrade
opportunities are of high interest.

It should be noted however that as FPGAs are getting cheaper and more
powerful, and as they combine flexibility, performances and security, they
become appropriate for an increasing number of applications. Moreover, in
addition to a huge amount of high-frequency logic gates, new generations
of FPGAs (like the Virtex-5 family from Xilinx [123]) include PowerPC mi-
croprocessors (that enable co-design systems), DSPs, Ethernet controllers,
high-bitrates interfaces, etc. Such additional features allow to build a com-
plete system into a single component.
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2.4.3 Developed architecture

A JPEG 2000 decoder hardware architecture has been developed in the con-
text of our work but it has been decided to not include its detailed description
in this text for confidentiality reasons. As such, and because it has not been
published, it should not be considered as making part of the original aca-
demic contributions of this thesis. However, for the sake of completeness,
we give hereunder a brief presentation of this architecture.

Targeted application: Digital Cinema

The application initially targeted by the developed system is Digital
Cinema (DC). JPEG 2000 is indeed suited for this emerging market for
several technical reasons, including;:

e it allows to seamlessly display various resolutions of a movie based on
a single code-stream,

e for the very high quality level required by such application, making
use of the temporal redundancy (inter-frame compression) does not
bring significant improvement, so that a highly-efficient still-image
compression algorithm like JPEG 2000 can compete with video stan-
dards like those from the MPEG family.

For all these reasons, and for some other political one&ﬂ the seven major
Hollywood studiosﬂ have decided in 2004 that JPEG 2000 would be the of-
ficial compression standard used for DC. They released requirements about
images in a digital movie [16], summarized in Table

Characteristics and performances

The high bit-rates requirements (Table , the limited market size
(around 150 000 projection rooms throughout the world), and the potential
evolution of specifications (given the youth of the market), make of the
FPGA the ideal platform to be used for DC. The developed architecture
has therefore been designed in VHDL, and synthesized and implemented in
various Xilinx FPGAs from the Virtex family.

1Political reasons include for instance the royalty-free international standard status of
JPEG 2000.

2These are Disney, Fox, Paramount, Sony Pictures Entertainment, Universal and
Warner Bros. Studios. They formed a joint venture, called DCI, whose primary purpose
was to establish the specifications of Digital Cinema.
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Compression algorithm | JPEG 2000 (ISO/IEC 15444-1)
Max. compressed rate 250 Mbits/sec

2k / 24 fps (= 1.9 Gbits/sec)
Uncompressed rate 2k / 48 fps (= 3.8 Gbits/sec)
4k / 24 fps (= 7.6 Gbits/sec)

Bit-depth 12 bits / component
Color space XYZ
Tiles no tiling
Code-block size 32x32
DWT 9-7 lossy filter
Internal precision 18 bits

Table 2.2: Image requirements for Digital Cinema. “2K” means 2048x1080
and “4K” means 4096x2160.

The first version of our architecture has actually been designed before
the release of the DCI requirements and does not therefore comply with
these specifications. However, it allowed us to get familiar with the details
of the JPEG 2000 algorithm and the implementation issues described above.
This first architecture is detailed in [21].

Next versions of our JPEG 2000 decoding architecture do comply with
the DCI specifications. In the context of this thesis, we focused in particular
on the MQ-decoder, as described in our technical report [20]. We proposed
several optimizations that allow to:

e solve the feedback loop mentioned in Section [2.4.1]
e tightly synchronize the MQ with the context modeling step,
e avoid idle resources so as to output 1 decoded bit at each clock cycle.

The MQ-decoder design has been implemented on a Virtex-4 FX20
(X4VFX20-12) where it occupies only 7% of the chip (600 slices). It reaches
an output rate of 222 Mbits/sec, which is higher than the one achieved by
equivalent ASIC architectures proposed in the literature, like [I09] (172
Mbits/sec) or [83] (175 Mbits/sec).

Partly thanks to the small size of the MQ-decoder design, we were able
to place a complete DCI-compliant JPEG 2000 decoder architecture [44] [45],
in a medium-sized FPGA, like the Virtex-4 SX35 (X4VSX35-10). Because
it makes use of several additional FPGA features, this design is able to
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propose a complete JPEG 2000 decoding solution for DC. Among these fea-
tures, we should cite the use of an included microprocessor to handle some
lightweight operations in software (co-design system), or the use of Rocket-
IO interfaces that enable direct HD-SDI outputs, up to 7.6 Gbits/sec. To
the best of our knowledge, it is the only complete DCI-compliant system
that fits in a single component of this size.

Exploitation

The design briefly described above has lead to the creation of the
intoPIX company and has been commercialized as an IP (Intellectual Prop-
erty) on the DC market. The demonstration board is shown in Figure
Up to this point, it has reached around 70% of this market. Its main com-
petitor is an ASIC architecture proposed by Analog Devices [26]. As an
ASIC, it draws benefit from a low unit cost. However, as initially developed
for video surveillance, its main drawback is that several chips have to be
parallelized to reach DC throughputs.

Figure 2.9: intoPIX demonstration board.

As JPEG 2000 raises a growing interest in the broadcast field, in particu-
lar in the contribution segment, the corresponding encoder architecture has
been developed so that a high-performance JPEG 2000 hardware codec [46]
can be proposed to address this specific application.
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2.5 Conclusion

In this chapter, we have seen that JPEG 2000 is a very flexible and pow-
erful image compression standard. Besides a high compression efficiency,
its various scalability levels make it suited for plenty of different applica-
tions. Among them, remote browsing and image retrieval will be further
investigated in the next chapters.

This rich features set comes at the price of a higher complexity, in
comparison to other still image compression standards, like JPEG. When
dealing with real-time constraints, it is therefore often required to use ded-
icated hardware resources. Initially implemented for Digital Cinema, an
FPGA-based hardware architecture of a JPEG 2000 decoder has been de-
veloped and is now part of a complete JPEG 2000 hardware codec. Such
hardware module could be exploited in a lot of applications, including for
instance a remote image server, like the one considered in this thesis.






Remote Browsing

Prefetching and caching strategies for remote
and interactive browsing of JPEG 2000 images

This chapter considers the issues of scheduling and caching JPEG 2000
data in client/server interactive browsing applications, under memory and
channel bandwidth constraints. It analyzes how the conveyed data have to
be selected at the server and managed within the client cache so as to max-
imize the reactivity of the browsing application. Formally, to render the
dynamic nature of the browsing session, we assume the existence of a re-
action model that defines when the user launches a novel command as a
function of the image quality displayed at the client. As a main outcome,
our work demonstrates that, due to the latency inherent to client/server
exchanges, a priori expectation about future navigation commands may help
to improve the overall reactivity of the system. The expectation about fu-
ture navigation commands is formalized based on a stochastic navigation
model, which defines the probability that a given Window of Interest (Wol)
is requested next, knowing previous Wol requests. Based on that knowl-
edge, several scheduling scenarios are considered. Our results demonstrate
that, for predictable navigation commands, scheduling data expected to be
requested before all the current Wol data have been sent out improves the
overall reactivity of the system by up to 30 % compared to conventional
scheduling approach. They also reveal that an accurate knowledge of the
reaction model is not required to get these significant improvements. The
work presented in this chapter has lead to two conference papers [19, (23]
and a journal paper [24] on which the following text is based.
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3.1 Introduction

The development and diversification of computer networks as well as
the availability of devices able to produce very high resolution images have
created the potential for remote access to large scale images [34] [88]. How-
ever, despite mobile hardware developments, remotely browsing large scale
images remains particularly challenging because of (i) the small size of
mobile displays, and (ii) the cost and latency associated to data trans-
mission. The first issue has been extensively studied by image browsing
interface designers [13| [87, 05, [96]. For cases where the image resolution
is far larger than the display resolution, these works encourage the use of
interactive browsing, for which the user interactively defines his/her region
and resolution of interest in the image [49} 55, ©93]. They also end-up in
recommending the adaptation of the display and interaction mechanisms
to the application needs [I1, 94]. Our work does not consider the design
of the browsing interface. We adopt a standard zoom-and-pan browsing
interface, and rather study the generic communication and memory man-
agement problems raised by interactive remote browsing applications. That
is, we consider the scheduling of image data transmitted from the server
to the client, and their storage at the client. By data scheduling, we mean
the selection of data sent out by the server at any point in the transmission
session. Our ultimate goal is to minimize the consumption of channel and
client memory resources while increasing the navigation smoothness. At
least two components of the browsing system are generally investigated to
address these two antagonist goals.

The first aspect is the compression and representation of large scale
images. As images can be as large as several gigabytes, the user accessing a
remote server wants to be able to access various spatial parts of an image,
at various resolutions, without having to download the entire file locally.
As explained in Chapter [2], flexible bit-streams such as JPEG 2000 fulfill
these requirements. Our work takes advantage of the scalability levels of
this image compression standard to limit the access to the parts and the
resolutions of the image that are relevant to the browsing session.

The second aspect, which will be investigated in this chapter, is the
management of user requests, and the optimal selection of downloaded data.
Recent standardization efforts in JPEG 2000 Part 9 [78], 89, 110, 113] have
been oriented towards the development of a protocol, named JPIP, to sup-
port remote interactivity in client-server based applications. In our work,
we assume that a similar protocol is available to forward client requests
to the server and send back image data to the client, and we focus on the
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issues related to the selection and caching of conveyed image data units. At
any transmission opportunity, JPEG 2000 data are selected so as to provide
the largest gain in quality per cost unit. Transmitted data are then cached
at the client, in a way that best uses the available memory while limiting
its fragmentation. As an outcome, the proposed scheduling and caching
solutions are expected to pave the way for the design of seamless remote
browsing systems characterized by low latency and efficient memory usage.

3.1.1 Contributions and related work

Earlier contributions related to the remote browsing of JPEG 2000 im-
ages either address the definition of protocols for interactive browsing, or
the optimal selection of JPEG 2000 code-stream units with respect to re-
mote user requests.

Regarding the definition of interactive browsing protocols, in [110
113], David Taubman presents the JPIP protocol for remotely browsing
JPEG 2000 images. Our browsing system architecture, presented in Sec-
tion follows Taubman’s proposal in many aspects. That is, all data
returned by the server are self-describing, and do not depend on previous
requests made by the client. Moreover, user requests are formulated in
terms of the geometric and resolution attributes of the region the user is
interested in seeing, not in terms of low-level JPEG 2000 constructs. Actu-
ally, the main difference between JPIP and our architecture lies in the fact
that we advocate the use of an index file to characterize the JPEG 2000
code-stream, i.e. to define the byte range and gain in quality correspond-
ing to each JPEG 2000 data unit. As a consequence, the system component
in charge of converting user requests into packet schedules can be located
either on the server or on the client side. Similar ideas had been pro-
posed in [25] and [55]. Hence, our browsing architecture directly results
from [25], [55], [84], [1T13], and should not be considered as an original contri-
bution of this chapter.

Regarding the selection of the JPEG 2000 data units to transmit, earlier
contributions generally assume the knowledge of the attributes of the region
to display at the current time at the client side. Typically, the attributes
correspond to the spatial location, resolution, and level of quality of an
image rectangular window. Given the attributes of the current window
of interest (Wol), JPEG 2000 data units are scheduled so as to rapidly
increase the Wol displayed quality. In practice, the transmission order
is defined either based on a pre-defined prioritization of JPEG 2000 data
units [55, 96], or based on a rate-distortion criterion [114]. In that last
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case, Taubman and Rosenbaum define how to schedule data packets so as
to maximize the displayed image quality within a region of interest, at each
point in the transmission. Despite the dynamic nature of the interactive
browsing session, we note that all these approaches are static in essence.
That is, only the current state of the Wol is taken into account to define
the JPEG 2000 data transmission order. In contrast, our work proposes
data scheduling and client memory management strategies that take into
account the fact that the Wol definition changes interactively along the
browsing session.

We formalize the user behavior based on two complementary models,
and propose scheduling and caching methods that best support seamless
image browsing. Based on a priori knowledge of the user behavior, the
central objective of our study is thus to define scheduling and cache man-
agement mechanisms that maximizes the system responsiveness, i.e. min-
imizes the average time needed by the user to decide about future navi-
gation commands. Regarding the user, we first assume the knowledge of
a (stochastic) navigation model. The navigation model defines how the
browsing commands are structured and correlated along time. We then
assume the existence, but not necessarily the knowledge, of a user reaction
model, which defines when the navigation commands are triggered, as a
function of the received image data. Our work does not pretend to define
the “ultimate” navigation and reaction models, which we believe are tightly
connected to the envisioned application. Rather, our objective is to eval-
uate whether the partial or complete knowledge of the user behavior may
help to improve the browsing system reactivity, i.e. to reduce the average
time between consecutive navigation commands. In particular, we estimate
the advantage to draw from data pre-fetching, defined as the transmission
of data that are expected to become highly relevant in a near future with-
out necessarily improving the current Wol. As a main outcome, our work
demonstrates that, due to the latency inherent to client/server exchanges, a
priori knowledge about expected future navigation commands may help to
improve the overall reactivity of the system, when combined with appropri-
ate pre-fetching mechanisms. Intuitively, that important result is motivated
as follows. Because of the system latency, some time elapses between the
instant at which all the information needed by the client to decide about
the next command has been sent out by the server and the instant at which
the next command is received by the server. During that period of time,
the information relevant to the current request is conveyed, decoded, and
interpreted at the client. Meanwhile, the server might have an opportunity
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to anticipate future requests of the user by pre-fetching promising future
image data rather than going on forwarding current Wol packets. In that
context, our work is primarily interested in defining the conditions under
which the navigation and reaction models knowledge significantly improves
the browsing system performance. These conditions are related to the ac-
curacy of the knowledge about user behavior, to the deterministic nature
of the browsing commands, and to the delay the user needs to access and
interpret received data. Our belief is that our contribution may support
the design of specific and dedicated browsing applications in that it helps
the designer to rapidly figure out whether some envisioned specific models
of the user behavior are likely to improve the browsing session or not.

Few works have already proposed to pre-fetch data based on the ex-
pectation of the user behavior. In [60], Lin and Zheng predict the user
navigation commands and propose heuristic mechanisms to improve the
browsing system responsiveness. In contrast, we formulate and solve the
pre-fetching problem in a formal rate-distortion (RD) framework. In [19],
the authors combine JPEG 2000 flexibility with a user navigation model
to manage the client cache and pre-fetch data in a rate-distortion optimal
manner. However, the authors in [I9] assume that user navigation com-
mands are regularly spaced. So, they neglect the interactive nature of the
browsing system. They ignore the fact that the data displayed at the client
play a key role on the release of a novel request by the user. In particular,
they omit the delay the user needs to receive and interpret image data, and
to decide to trigger a novel navigation command. In contrast, our work
considers the latency induced by data transmission and interpretation, and
analyzes its impact on data pre-fetching strategies. For completeness, we
also note that in [62] the authors propose an image attention model to de-
fine user-dependent image browsing paths. The proposed technique can be
used to define navigation models, and thus provides a valuable complement
to our study.

3.1.2 Chapter organization

The chapter is organized as follows. In Section we describe the
client/server architecture that supports our interactive and remote brows-
ing application. In Section [3.3] we review the work by Taubman and Rosen-
baum [I14] to serve a static window of interest (Wol) in a rate-distortion
way. In Section [3.4] we consider that the user has the capability to dy-
namically adjust the requested Wol as a function of the scene displayed
at the client. In particular, we make the realistic assumption that there is
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a non-zero delay in the client/server interaction, and we propose original
scheduling mechanisms to take advantage of that browsing system latency
when future navigation commands can be predicted. We also consider im-
proved cache management to increase the browsing system responsiveness.
Finally, Section [3.5] compares and evaluates the proposed solutions based
on simulations, and defines a number of guidelines to design an interactive
remote image browsing system. Section draw conclusions.

3.2 Our JPEG 2000 image navigation system

The architecture of the navigation system studied in this chapter is
largely inspired by the works in [25] 55, 113], and is presented in Figure
On the left, the client defines a window of interest (Wol) through a graphical
user interface (GUI), and decodes the parts of the JPEG 2000 code-stream
received from the server. On the right, the server stores the JPEG 2000
code-stream, interprets the client request in terms of JPEG 2000 packets,
and forwards the requested data to the client side. Those parts of the code-
stream that are received on the client side are stored in a cache memory.
We now detail the architecture components.

On the client side, the user drives the browsing system using a set of
commands that are captured and understood by a graphical user interface
(GUI). As in [I10, 113], these commands identify user requests in relative
terms (typically zooming and panning), i.e. the commands define the way
the current Wol attributes have to be modified to characterize the sub-
sequent Wols. The Wol attributes define the spatial localization and the
resolution level of the image that the user wants to visualize. The Request
Manager module is in charge of converting Wol increments into actual and
absolute Wol features.

Given the Wol features, the JPEG 2000 parser generates and addresses
appropriate requests to the server in order to provide the client with the
parts of the JPEG 2000 code-stream that are the most relevant to the Wol.
As explained in Chapter [2, JPEG 2000 packets are the basic access units
to the JPEG 2000 code-stream. They are characterized by their spatial
location, resolution, component and quality layer. They allow for progres-
sive and flexible access to the image content [114]. Hence, the JPEG 2000
code-stream parser has the capability to provide fine granular answers to
the user requests. It involves a scheduler to select the right packets to send
at any point of the browsing session. The scheduler is optimized so as to
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Figure 3.1: Architecture of our interactive system to browse JPEG 2000
1mages.

maximize the browsing system reactivity. The scheduler optimization cer-
tainly constitutes the key contribution of this chapter. Here we just note
that, similar to [25] 55], the parser uses a code-stream index to characterize
and access JPEG 2000 packets efficiently. The code-stream index file is gen-
erated by the OpenJPEG library (http://www.openjpeg.org), and defines
the gain in quality -see Section [3.3} and the range of bytes corresponding to
each packet. Besides, from a functional point of view, we observe that the
JPEG 2000 parser can be located either on the client or on the server side,
depending on the resources available on each side [75]. A client application
with limited resources can rely on the server to deal with the JPEG 2000
parser. In that case, to avoid retransmission of packets that are already
available at the client, the scheduler maintains a client cache mirror [110]
at the server (as depicted in Figure . On the contrary, a server that
is expected to face a large number of clients can distribute the JPEG 2000
parser load to its clients. The code-stream index is then forwarded to the
client during the connection phase, before launching the browsing session.
To limit the transmission overhead, the gain in quality provided by each
packet can be replaced by a set of Lagrange multipliers that characterize
the gain in quality per unit of packet size for each quality layer.

To complete this section, we note that the communication channel envi-
sioned by our navigation system is characterized by a constrained -possibly
fluctuating- bandwidth, but is assumed to be lossless. For interested read-
ers, error protection of JPEG 2000 packets has been considered in [80], and
media content scheduling in presence of losses has for example been formal-
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ized in [I2]. In this work, we are interested in the dynamic and interactive
nature of the Wols definition, and not in the robustness to transmission
losses. Hence, the main contributions of this work describe how the sched-
uler (Section and the cache memory (Section are managed to

cope with a dynamic browsing environments.

3.3 Packet scheduling for a static Wol

This section first summarizes the notions detailed in Chapter [2| that en-
able a flexible and progressive access to remotely stored JPEG 2000 images.
It then considers JPEG 2000 image browsing and surveys the rate-distortion
optimal solution proposed in [I114] to download JPEG 2000 packets in an
order that maximizes, at any point of transmission, the quality displayed in
a pre-defined Wol. Finally, Section describes how the RD optimal so-
lution in [IT4] applies to other cost functions than the packet size in bytes.
We review these earlier works because they support our own contributions

presented in Section

3.3.1 JPEG 2000 code stream abstraction

As explained in Chapter [2] JPEG 2000 is based on a discrete wavelet
transform, whose subbands are partitioned into code-blocks that are coded
independently. Each code-block is coded into an embedded bit-stream, i.e.
into a stream that provides a representation that is (close-to-)optimal in
the rate-distortion sense when truncated to any desired length. To achieve
rate-distortion (RD) optimal scalability at image level, the embedded bit-
stream of each code-block is partitioned into a sequence of increments based
on a set of truncating points that correspond to the various rate-distortion
trade-offs [I11] defined by a set of Lagrange multipliers. A Lagrange multi-
plier A translates a cost in bytes in terms of distortion. It defines the relative
importance of rate and distortion. Given A, the RD optimal truncation of
a code-block bit-stream is obtained by truncating the embedded bit-stream
so as to minimize the Lagrangian cost function £(\) = D(R) + AR, where
D(R) denotes the distortion resulting from the truncation to R bytes. Dif-
ferent Lagrange multipliers define different rate-distortion trade-offs, which
in turns result in different truncation points. For each code-block, a de-
creasing sequence of Lagrange multipliers {\q}4>0 identifies an ordered set
of truncation points that partition the code-block bit-stream into a sequence
of incremental contributions [I11]. Incremental contributions from the set
of image code-blocks are then collected into so-called quality layers, Q.
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Because the rate-distortion trade-offs targeted during truncation are the
same for all the code-blocks, for any quality layer index [ the contributions
provided by layers Q; through Q; constitute a rate-distortion optimal rep-
resentation of the entire image. It thus provides distortion scalability at
the image level. Resolution scalability and spatial random access to the
image result from the fact that each code-block is associated to a specific
subband and to a limited spatial region.

Although they are coded independently, code-blocks are not identified
explicitly within a JPEG 2000 code-stream. Instead, the code-blocks as-
sociated to a given resolution are grouped into precincts, based on their
spatial location [6], [114]. Hence, a precinct corresponds to the parts of the
JPEG 2000 code-stream that are specific to a given resolution and spatial
location. As a consequence of the quality layering defined above, a precinct
can also be viewed as a hierarchy of packets, each packet collecting the parts
of the code-stream that correspond to a given quality among all code-blocks
matching the precinct resolution and position. Hence, packets are the basic
access unit in the JPEG 2000 code-stream.

3.3.2 Rate-distortion optimal scheduling for a static Wol

In this section, we review the solution proposed by Taubman and Rosen-
baum in [I14] to schedule JPEG 2000 packets so as to maximize the quality
of the image visualized at the client, at each point along the packet trans-
mission sequence. The image visualized at the client is defined by a static
window of interest (Wol), which identifies the spatial region and the reso-
lutions that are relevant to the display. The rate-distortion (RD) optimal
solution described in [I14] simply selects the packets to transmit in decreas-
ing order of Wol distortion reduction per transmitted bytes. The solution
is in accordance with the dependency relationship existing between packets
because, due to the embedded nature of the code-stream, the reduction of
distortion per byte decreases as the packet layer index increases within a
precinc

We have seen in Chapter [2| that, for a given image component, a
JPEG 2000 packet corresponds to a specific quality layer and to a spe-
cific precinct. Formally, we define a precinct with two indices r and p, re-
spectively characterizing its resolution and spatial location. A JPEG 2000

'In practice, the reduction of distortion per unit of transmission can be locally non-
decreasing, due for example to empty packets [114]. In that case, consecutive packets are
aggregated until absorption of the local maximum.
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packet is thus completely defined by its precinct indices r and p, and by its
layer index g, s.t. 0 < ¢ < @, with @) denoting the total number of quality
layers. Following [114], we introduce s3(r, p, ) to be the size in bytes of the
¢'" packet of the (r,p) precinct, and denote d(r,p,q) to be the amount by
which the distortion, measured on the whole original image, is decreased if
the packet (7, p, q) is decoded compared to the distortion if only the packets
(r,p,i), i < q, are decoded. As a consequence of that definition, the metric
d(r,p,q) has to be additive, i.e. the gain in quality provided on the entire
image by multiple packets has to be equal to the sum of the gain provided
by each individual packet. In our work, the additive distortion d(r,p,q) is
derived from the approximation of the Mean Square Error (MSE) defined
in [I11].

Formally, the distortion D] associated to the reconstruction of code-
block B; from its first ¢ quality layers is defined by

There, ¢;(z,y) denotes the subband coefficient in code-block B;, é!(x,y)
denotes the quantized representation of these coefficients associated to the
first ¢ quality layers, and wp, denotes the L2-norm of the wavelet basis
functions for the subband to which the code-block B; belongs. It has been
shown that, although the wavelet basis functions used in JPEG 2000 are
not strictly orthogonal, D} reasonably approximate the MSE and is thus
additive [99]. Hence, letting I'(r, p) denote the set of code-blocks belonging
to precinct (7, p), the incremental reduction of distortion d(r, p, q) associated
to the decoding of packet (r,p,q) is defined by

d(r,p,q) = Z ng_l)— Z Di. (3.2)

i€l(r,p) i€l(r,p)

We now follow [114] to explain how the reduction of distortion d(r, p, q)
provided on the whole image is adjusted to take into account the fact that
only the Wol, defined by its position and its resolution, is displayed at the
client. In [I14], the authors have proposed to approximate the distortion
reduction provided by a packet on a static Wol as the product of the dis-
tortion reduction provided on the whole image with the fraction of pixels
that are in the Wol, from the set of pixels affected by the packet subband
coefficients. We use the same approximation, but extend it to cases where
the resolution R(w) of the displayed Wol might be lower than the original
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image resolution, denoted ry,q,. Letting d¢(r, p, ¢, w) denote the distortion
reduction provided by packet (r,p,q) on the Wol w, we have thus

de (r, p, g, w) = E(r, p, w).d(r, p, ) AR ~Tmaz) (3.3)

where (i) the factor 4(R(®)=Tmaz) accounts for the decrease of the spatial
support of the precinct displayed at lower resolutioﬂ and (ii) &(r, p,w)
denotes the fraction of pixels affected by precinct (r, p) that belong to Wol
w. Letting P, ) denote the set of pixels that are affected by the subband
coefficients of precinct (r, p), and P, the set of pixels in the Wol w, &(r, p, w)

is defined by Pu P
_ Nw’ Pl
f(rapvw) Hp(r,p)H

Based on the above definitions, to maximize at each point of transmis-
sion the quality displayed in the static Wol w, packets have to be forwarded
to the client in decreasing order of &(r, p, w).4RW)=rmaz) d(r p. q)/sy(r, p, q)
[114]. Keeping in a compact form the sequence of d(r,p,q)/sy(r,p,q) for
all image packets is unpractical. This is especially the case when this in-
formation has to be transmitted to the client in the form of a code-stream
index file (see Section [3.2). An alternative, proposed in [114], consists
in approximating the distortion reduction per unit of transmission, i.e.
d(r,p,q)/ss(r,p, q), by the Lagrange multiplier A, used to define the trun-
cation points of the ¢! quality layer. Based on that approximation, the
quality displayed in the Wol is maximized at any packet transmission by
forwarding packets to the client in decreasing order of &(r,p,w).\;, with
0 < ¢ < @ [114]. In the rest of the chapter, the reduction of distortion
per unit of transmission associated to a packet is estimated based on actual
d(r,p,q) and sy(r,p,q) measurements, but our simulations have revealed
that a Lagrange multiplier approximation does not significantly affect the
browsing performance.

(3.4)

3.3.3 From rate/distortion to cost/distortion optimality

In this section, we explain how the solution in [I14] generalizes to other
packet cost function than the packet size in bytes.

Note that this factor is a constant when a static Wol is considered, but is required
in the dynamic case, where distortion decrease expectations are computed over multiple
Wol’s at multiple resolutions. The power of 4 arises from an approximation, and is only
strictly valid provided the wavelet transform’s basis functions are orthogonal.
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Let C(r,p,q) denote a monotonically increasing function of ¢ that de-
fines the cost associated to the first ¢ packets of precinct (r,p). Obviously,
in contrast to the packet size in bytes, an arbitrary cost function does not
necessarily guarantee that the cost/distortion characteristics defined by the
truncation points of a precinct do lay on a convex-hull. In that case, select-
ing the packets in decreasing order of distortion reduction per cost unit does
not ensure cost/distortion optimality, i.e. it does not necessarily maximize
the distortion reduction obtained in the Wol for a given cost constraint. To
achieve optimality, it is first required to identify the subset of truncation
points that actually lay on the cost/distortion convex-hull for each precinct.
Cost/distortion optimality is then obtained by restricting the admissible
truncation points of a precinct to the only convex-hull optimal truncation
points, and by forwarding the corresponding subsets of consecutive packets
in decreasing order of benefit per cost unit. Importantly, it is worth noting
that the convex-hull analysis can be performed a priori for each precinct,
independently of the (dynamic) Wol features. This is because the factor
&(r,p,w) in Equation is constant for all packets within a precinct.

We now introduce two cost functions that are used later in the chapter.
They define possible alternatives to the packet size in bytes. The first
one is used when the transmission network forces the scheduler to pack
each JPEG 2000 packet into an integral number of transmission units with
padding. In that case, letting (; denote the transmission unit size in bytes,
the cost Cy¢(r, p,q) in transmission units for the first ¢ packets of precinct
(r,p) is defined by

q
Cirp.a) = Y |22 (35)
— G
The second alternative cost function occurs when the resource constraint
imposed to the scheduler is expressed in terms of storage rather than trans-
mission capacity. Fundamentally, the memory cost of a packet depends on
how JPEG 2000 packets are mapped onto the physical memory. Here, we
anticipate the next section, and consider the dynamic release of multiple
and consecutive navigation commands by the user. In that case, obsolete
JPEG 2000 packets have to be removed to leave space for incoming packets.
In practice, packets are removed as a function of the navigation commands,
and not as a function of their order of arrival. Such pseudo-random packet
removal order, combined with the variable size of JPEG 2000 packets, re-
sults in memory fragmentation. This is because an incoming packet might
have to be split in several fragments to be stored in the memory slots that
have been released by the former removal of obsolete packets. Memory



3.8 Packet scheduling for a static Wol 47

fragmentation spreads the packets across the physical memory, and slows
down the access to the data. To mitigate the problem, a dynamic memory
manager generally allocates memory space in terms of memory units. A
memory unit is a set of bytes that are jointly allocated or freed, and that
can be accessed efficiently, for example because they are adjacent in the
physical memory. To define the exact cost of a packet in terms of memory
units, we point out some consistency in the arrival/removal order of the
precinct components. Due to the dependency between layers, the precinct
packets arrive in increasing order of layers, and are removed in decreasing
order of layers. So, within a precinct, packets are removed in reverse or-
der of arrival. This feature motivates the definition of a specific memory
management strategy, for which only the first packet of a precinct is syn-
chronized with the beginning of a memory unit, while other packets are
stored immediately after the last byte of the packet corresponding to the
previous quality layer of the same precinct. This management strategy is in
accordance with the syntax of the JPIP protocol, which considers precinct
data streams as the fundamental data unit to be accessed and processed
by the decoder [I13]. Based on that management strategy, and letting (,,
denote the memory unit size in bytes, the cost Cy,(r, p, ¢) in memory units
for the first ¢ packets of precinct (r,p) is defined by

2= 56(r, P, 5)1
Cm

Note that for unitary sizes of both transmission and memory units,
both costs defined in and correspond to the packet size in bytes
sp(ryp,q). In that case, the optimal scheduler simply forwards packets
in decreasing order of distortion reduction per byte, without having to
perform a convex hull analysis, since the size/distortion characteristics of
any truncation point of a precinct already lay on a convex-hull. For non-
unitary transmission or memory sizes, both schedulers might differ and a
convex-hull analysis is required.

Cm(rapa Q) = ’V (36)

In the next section, we present the original contributions of our work.
The envisioned framework differentiates from the work in [114] by the fact
that we consider a dynamically evolving Wol. It raises a number of im-
portant and fundamental issues going from the modelization of the user
behavior, to the definition of optimal image pre-fetching strategies, pass-
ing by the study of the impact of the client cache on the browsing system
responsiveness.
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3.4 Dynamic packet scheduling

In this section we are primarily interested in the changes of Wol, and
in their consequence in terms of packet scheduling decisions. The purpose
of our study is to figure out whether it is possible to reduce the navigation
system latency by proper anticipation of the Wol updates or by an improved
management of the client cache memory.

Fundamentally, the anticipation of future commands is motivated by
the fact that there exists a delay between the emission of a packet by
the server and the feedback it causes in terms of Wol definition. That
delay includes the transmission delay (in both directions), the decoding
latency, and the period of time the user needs to analyze the newly displayed
visual information to decide about the future navigation command. We
use the term reaction delay to refer to the aggregation of these multiple
sources of latency. Evidently, the reaction delay degrades the responsiveness
of the browsing system. In particular, it causes a waste of resources if
current Wol data are still forwarded between the instant at which the server
has sent out all the data needed by the user to decide about the next
navigation command, and the instant at which the server gets informed
about that next command. During that period, it is definitively better to
pre-fetch data that are likely to be requested in the future, rather than
transmitting useless quality increments for the current Wol. In practice,
the anticipation of future Wol relies on two components. First, it depends
on the a priori knowledge (or expectation) of future requests. Second, it
requires the definition of schedulers that favor the download of promising
JPEG 2000 packets.

Section [3.4.1)addresses the first component of the problem. It formalizes
the release of navigation commands by defining which requests are sent
out by the user, and when they are triggered in response to the content
displayed in the Wol. Our intention is not to propose universal models to
describe the user behavior. Rather we fix these models a priori and are
interested in the analysis of how appropriate scheduling mechanisms are
able to take advantage of their knowledge. These schedulers anticipate
future navigation commands by favoring JPEG 2000 packets that are likely
to become crucial for future Wols. Hence, in some occasions they are
expected to forward image data before they are actually requested by the
user. For this reason they are referred to as pre-fetching mechanisms. Our
work compares three pre-fetching strategies, presented in Section [3.4.2] and
which differentiate by the knowledge they have about the user behavior
models.
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To complete our investigation of the factors affecting the responsiveness
of a dynamic browsing session, Section [3.4.3] considers the management of
the client cache memory. It observes that efficient cache management is
likely to increase the system responsiveness, simply because it increases
the amount of data available at the client side. Hence it considers client
cache usage optimization, and raises a fundamental question regarding the
browsing responsiveness: is it worth optimizing the transmission schedule
in terms of storage rather than transmission cost? The first solution max-
imizes the initial quality available from the cache upon release of a novel
navigation request, while the second maximizes the Wol quality increment
per unit of transmission. Section [3.4.3] describes how both solutions are
implemented. Later in Section [3.5.3] simulation results demonstrate that
maximizing the usage of channel resources also maximizes browsing respon-
siveness in most practical cases.

3.4.1 User navigation and reaction models

We characterize the user by two components. First, a navigation model
defines which command is expected to be released next. Second, a reaction
model defines when the next command is triggered, in response to data
transmitted for the current Wol.

To define our navigation model, we adopt the formalism introduced
in [19]. We assume that the user only browses through various image
resolutions and spatial locations. The number of points displayed in the
Wol is constant, so that the image area covered by the Wol changes with
the zoom factor. For simplicity, we limit the possible commands to 6 ac-
tions, which select the next Wol based on zoom-in/zoom-out actions or
down /up/right /left translationsﬂ We then assume that the sequence of
user’s actions is defined by a first order Markov process. Specifically, an
action is chosen identical to the previous one with probability §, while all
other actions have the same probability (1 —4)/5. The § parameter reflects
the predictable nature of the navigation process, i.e. a ¢ value close to one
means that future Wols are reliably predicted. Based on that model, the
server can calculate the probability that a packet appears in the Wol at
any future step of the browsing session. However, for our practical imple-
mentation, we decided to restrict our prediction of the future to a “myopic”
one step look-ahead. So, the probability that a packet becomes relevant in

1Zoom-in and zoom-out actions increase or decrease the resolution by a factor of two.
Translations magnitude equals the size of the Wol.
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the future is simply computed as the probability that it belongs to the next
Wol.

To model the reaction of the user, we adopt a rudimentary formalism.
Fundamentally, the model has to reflect that (i) a user command is triggered
in response to the content displayed in the current Wol, and (ii) packets
sent out by the server need some time to be conveyed, displayed (that
is, decoded and rendered) and interpreted at the client. In the rest of
the chapter, we assume that the next navigation command is triggered
7 seconds after the PSNR in the current Wol went beyond a threshold
O, in dBs. Whilst minimalist, this user reaction model captures the two
fundamental features listed above. Its simplicity makes it easy to handle
and interpret. Note that, for convenience and without loss of generality,
when analyzing our simulation results in Section the reaction delay 7 is
expressed in terms of the number of bytes B, that the server-client channel
conveys in 7 seconds. In our simulations also, ® has been defined to be
constant at all resolutions.

3.4.2 Anticipation of future navigation commands

This section presents the three pre-fetching methods proposed to an-
ticipate future navigation commands. The first one, named oracle schedul-
ing, assumes the complete knowledge of the user navigation and reaction
models, and maximizes the responsiveness of the browsing system by an-
ticipating future Wols as soon as the data sent out for the current Wol
allow for deciding about the next navigation command. The second and
third strategies only assume a partial knowledge of the behavior to expect
from the user. They consider that the user navigation model is known, but
that the reaction model is unknown. Such scenario is realistic in the sense
that the navigation model captures the browsing logic, while the reaction
model captures more complex user features, such as its ability to interpret
the image content.

Oracle scheduler

The oracle scheduler knows all about the user behavior models. It knows
the 0 parameter of the navigation model, and the ® and 7 parameters
of the reaction models. Based on that knowledge, the oracle scheduler
selects the packets that best contribute either to the current Wol or to
future Wols, depending on whether data sent out by the server reach the
quality threshold © in the current Wol or not. Hence, the oracle feeds the
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current Wol until the © quality threshold is achieved. Upon that point, the
oracle selects the JPEG 2000 packets so as to maximize the gain in quality
expected per cost unit for future Wols.

The gain in quality (or reduction of distortion) expected for future Wols
is computed based on a one step look-ahead horizon, and only depends on
the navigation model. Specifically, at a given time ¢, we denote W; to be
the set of possible future Wols, and therefore, in our simulations W; just
contains the 6 possible next Wols (see Section . Let W, denote the
random variable that defines the next Wol selected within W, by the user
navigation command. Then, for each element w € W;, pw, (w) denotes the
probability for w to be the next Wol, and d¢(r, p, ¢, w), which is defined
in Equation , denotes the reduction of distortion provided on w by
the ¢ quality layer of the (r,p) precinct. Based on these definitions, the
reduction of distortion E[d¢(r,p,q, Wy)] expected for packet (r,p,q) in the
future is defined by

Elde(r,p,q, W)l = Y pw,(w).de(r, p, g, w). (3.7)
wEW;

Hence, based on Equation and , the reduction of distortion per
packet size unit can be written as the product of a navigation-dependent
term, i.e. > .y, P, (w).E(7, p, w).4RW)=Tmaz) “and an image data depen-
dent term, i.e. d(r,p,q)/ss(r,p,q). Note that the same conclusion holds
when an alternative cost function is used. From the system architecture
point of view, we note that the first term can be computed equivalently
at the client or server side. In contrast, the information associated to the
second term is initially only available at the server, and needs to be con-
veyed across the network when the scheduler is implemented at the client,
e.g. for complexity distribution purposes (see Section . In that case, as
commented in Section and suggested in [I14], to limit the amount of
information to transmit to the client, it is recommended to approximate the
d(r,p,q)/sp(r,p,q) ratios by their corresponding Lagrange multipliers. We
now propose schedulers that attempt to take advantage of the navigation
model without knowing the reaction model.

Natural pre-fetching

When the user reaction model is unknown, i.e. when the scheduler
ignores the impact of the current Wol quality on the instant of release of
the next navigation command, a natural way to schedule data consists in
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feeding the current Wol as long as possible. By natural pre-fetching, we
thus refer to the pre-fetching that is initiated once all packets that are
relevant to the current Wol have been sent out by the server. As for the
oracle scheduler, the natural pre-fetching method works in two steps. The
first step feeds the current Wol in decreasing order of distortion reduction
per cost unit. That initial step goes on till all data that are relevant to the
current Wol have been forwarded (and not till the threshold © has been
achieved, as for the oracle). Then the scheduler selects the JPEG 2000
packet that maximizes the gain in quality expected per cost unit for future
Wols, as defined based on Equation . This mechanism goes on until the
next navigation command is triggered, as long as memory space is available
in the client buffer. Memory management is considered in Section [3.4.3

Anticipated pre-fetching

The natural pre-fetching strategy has defined how data are pre-fetched
once the entire current Wol has been sent out by the server. In contrast, this
section proposes to consider pre-fetching before all the information relevant
to the current Wol has been transmitted to the client. Our investigation
is motivated by (i) the observation that there exists a delay between the
emission of image data by the server and their interpretation by the user,
and (ii) the fact that the current Wol quality increments are obtained at
increasing cost as the downloading process goes ahead. As a consequence,
at some point, it might be more beneficial to download a JPEG 2000 packet
that has a high probability to bring a significant gain in the future, rather
than wasting resources for non-significant increments of the current Wol.
For this reason, anticipated pre-fetching schedules data packets according to
the gain they provide on the current Wol, but also as a function of the gain
expected for the next Wol. We propose a weighted sum to trade-off current
and future expected benefits. Formally, as in Section let w(t) denote
the Wol at current time ¢, and let W; denote the random variable associated
to the selection of the next Wol. The gain in quality foreseen for packet
(r,p,q) at time t is then defined as the weighted average of the benefits in
distortion respectively provided on the current Wol and expected for the
next Wol. Specifically, letting o denote a weighting factor between 0 and
1, we define the gain d,(r, p, q,t) associated to packet (r,p,q) by

da(r,p,q,t) = (1 — @).de(r, p, ¢, w(t)) + a.E[de (7, p, g, Wy)], (3.8)

where d¢ (7, p, ¢, w(t)) and E[d¢(r, p,q, Wy)] are defined as in Equation (3.3])
and Equation (3.7]), respectively. Hence, anticipated pre-fetching transmits
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JPEG 2000 packets in decreasing order of weighted gain in quality per cost
unitﬂ Section considers the sensitiveness of the proposed algorithm
to the o parameter, and shows that for most cases of interest, anticipated
pre-fetching significantly improves natural pre-fetching and keeps similar
performance over a large range of « values, typically 0.05 < a < 0.3. In
that case, the choice of « is thus not crucial. A possible practical approach
to select o when the reaction model is unknown consists in giving the
user the possibility to adjust « according to its feeling about the reactivity
of the system. Large o values slow down the quality increments in the
current Wol, but better anticipate future Wols, which in turns increases
the initial quality in the next Wol. The best trade-off can be found by user
adjustments.

It is also worth mentioning that we deliberately consider a completely
generic approach to drive anticipated pre-fetching, because one of our pur-
poses is to estimate whether a formal and accurate definition of the user
reaction model is needed to achieve browsing performance closer to the
ones obtained by the oracle scheduler. Hence, in defining anticipated pre-
fetching, we do not make any assumption about the nature of the user
reaction model. For example, we do not exploit the fact that there is an
(unknown) quality threshold beyond which additional data for the cur-
rent window become useless. Interestingly, the simulation results presented
in Section [3.5] demonstrate that, whilst rudimentary, the anticipated pre-
fetching mechanism defined based on Equation is able to exploit the
user reaction delay efficiently.

3.4.3 Client cache management and browsing responsive-
ness

As a primary motivation for this section, we first observe that the con-
tent stored in the client cache memory of a dynamic browsing session im-
pacts the system responsiveness because it determines the initial quality
rendered upon release of a novel navigation command. An efficient usage
of the memory is thus expected to increase the responsiveness as it poten-
tially increases the quality available from the cache upon release of a novel
command. For this reason, the section considers the addition and removal
of packets to/from the memory.

!Note that because JPIP allows the client to issue multiple requests concurrently [113],
it can also support the above formulation, in terms of weighted sums of quality gains.
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First, we consider the addition of packets to the cache. The selection
of incoming packets obviously affects the memory content, and directly de-
pends on the scheduling decisions. Besides the scheduler also determines
the benefit obtained per transmission unit, which defines the time period
required to bridge the gap between the initial Wol quality and the qual-
ity threshold triggering the next command. Hence, the scheduler affects
both the memory and channel usage, which in turn determine the brows-
ing system responsiveness. This argument motivates the comparison be-
tween memory- and channel- optimized schedulers. Both solutions trans-
mit JPEG 2000 data in decreasing order of distortion reduction per cost
unit, but differ in the way they estimate the cost of a packet. The first
solution measures the cost in memory units, while the second defines it in
terms of transmission units. The first solution maximizes the benefit to get
from the data stored in the client cache, and is thus expected to maximize
the initial quality available from the client cache upon release of novel user
request. In contrast, the second solution maximizes the increase of quality
per unit of transmission, and thus minimizes the period of time needed to
bridge the gap between the initial Wol quality and the © threshold. How-
ever, this second solution does not guarantee that the available memory
space has been best allocated, i.e. that the packets stored upon filling of
memory maximize the quality rendered in the Wol for the given memory
size constraint. The simulations presented in Section compare the
performance of the memory- and channel-optimized schedulers in terms of
browsing system responsiveness, and conclude that in most practical cases
optimizing channel resources results in higher responsiveness than optimiz-
ing memory resources.

Second, we are interested in the removal of packets from the cache,
and explain how it affects the practical implementation of the channel-
optimized scheduler. Efficient memory usage requires removing the packets
in increasing order of benefit per memory unit. Such removal strategy min-
imizes the loss of quality per freed memory units, independently of the
scheme adopted to schedule packets at the server. As a consequence, when
packets are scheduled based on transmission units, two distinct cost func-
tions are followed to fill-in and fill-out the memory, which means that the
addition and removal of packets to/from the memory targets potentially
distinct cost/distortion convex-hull optimal truncation points. As a conse-
quence, the precinct stored in memory at a given time might be convex-hull
sub-optimal regarding one of the storage or transmission costs. Hence, the
selection of the packets to add or remove to/from the memory has to cope
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with a memory that is potentially convex-hull sub-optimal regarding the
cost of interest. In the following, we describe how packets are transmitted,
given an arbitrary memory state. Equivalent developments hold regarding
memory packets removal.

To simplify notations, and without loss of generality, the precincts, orig-
inally defined by their (r,p) indices, are labeled by a single index j. We
then define n; to be the number of layers already stored in, or in transit
to, the client buffer for the j** precinct. For each precinct j, we select the
layer indices l,; > n; that maximizes the distortion reduction per cost unit
associated to the subset of packets labeled from (n; +1) to l,,;. The subset
of packets to forward next is then defined to be the one that maximizes
the distortion reduction per cost unit for all precincts j. The process goes
on iteratively as long as transmission resources are available. It is globally
optimal because, at each step, it selects the subset of packets that corre-
spond to the largest slope of the set of convex-hulls sustained for every
precinct 7 by the precinct’s cost/distortion characteristics corresponding to
nj or more layers. In a practical and efficient implementation, the set of I,
associated to the j* precinct can be computed a priori for all possible n;
values, independently of the browsing dynamics. This is because, in Equa-
tion , and , the factor that weights the distortion reduction
d(r,p,q) of a packet to reflect the Wol dynamics is the same for all the
packets of a precinct.

3.5 Simulation results

In this section, we rely on simulations to compare the oracle scheduler
with the natural and anticipated pre-fetching methodologies. The simula-
tions validate our proposed pre-fetching methodologies. They demonstrate
that it is possible to improve the rhythm at which the user interacts with
the image by anticipating the transmission of expected future information.
As an additional outcome, our analysis provides generic guidelines for inter-
active image browsing system designers. That is, we identify the conditions
that make the learning of application-specific navigation or reaction models
relevant and helpful to improve browsing fluency.

As the goal of our work is not to propose a navigation model, but rather
to study the benefit that one could expect from the knowledge of such a
model, we fix a priori the navigation model and assume its knowledge by
all schedulers. We then compare the performance of the 3 schedulers based
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on a sequence of navigation commands generated by the chosen model. Al-
though the sequence of navigation commands is fixed, the instants at which
commands are triggered depend on the scheduler. Indeed, these instants
are defined by the reaction model, in response to the quality displayed in
the Wol, which in turn depends on the scheduling and cache management
mechanisms. Hence, desirable scheduling and caching strategies end up
in minimizing the time elapsed between consecutive commands. Without
loss of generality, and to avoid the definition of an artificial reference chan-
nel bandwidth, our simulations express this time in terms of the number
of bytes which could be transmitted by the channel between consecutive
navigation commands.

We now present some common parameters to all our simulations. All
results are based on a 256 x 256 Wol. For each simulation, a sequence of
1000 commands has been generated based on the navigation model defined
in Section [3.4.1] The picture used in our simulation is a 32768 x 32768
greyscale image defined based on a crop of downtown Toulouse provided by
SPOT Image in the scope of IST-2000-28646 PRIAM project. JPEG 2000
coding parameters have been defined as follows. Tiles have a size of 1024 x
1024 pixels. Six resolution levels have been considered for each tile, and
precincts of 128 x 128 have been defined at each resolution levelll Ten
quality layers respectively target a quality of 26, 30, 32, 34, 36, 38, 40,
42, 44, and 46 dB in each tile. Due to the finite size of the client cache
memory, once the cache gets full, packets have to be removed to leave
space for incoming packets. As explained previously, to support optimal
memory usage in all experiments, packets are removed in increasing order
of loss in quality per storage cost, except in the experiments presented
in Figure where removal strategies based on storage and transmission
costs are compared. In the case of static WOI scheduling (see next section),
if some space is needed in the cache, all packets that do not belong to the
current Wol are removed. This reflects the fact that expected future Wols
are not considered at all.

Sequences of 10000 navigation commands have been used. To ensure
the stability of the obtained results, some tests have been made with se-
quences of 50000 commands leading to the same average values. Concern-
ing the variance, several different sequences have been used for each §-value,
without leading to significant differences in the results.

1Obviously, smaller precincts are used for resolution 0 and 1, which contain less than
128 x 128 samples.
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3.5.1 Natural pre-fetching vs. static Wol schedules

As a preamble to our analysis, Figure [3.2] compares the natural pre-
fetching solution and the RD optimized scheduling strategy defined in [114].
The solution in [114] does not consider any a priori expectation about future
navigation commands and, at any time, is optimal regarding the quality
improvement obtained per transmitted bytes in the current Wol. We refer
to it as the static Wol (SW) solution because it computes schedules only
based on the current Wol knowledge, without taking the dynamic nature
of the system into account. In practice, NP and SW follow the exact
same scheduling strategy as long as there remains a current Wol packet
to schedule. After that initial period, NP takes advantage of its knowledge
of the navigation model to schedule data that are likely to be requested in
the future, whilst SW goes idleﬂ
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Figure 3.2: Comparison of natural pre-fetching (NP) and static Wol (SW)
RD optimized schedules. Fach curve plots the average time elapsed between
two consecutive navigation commands by the two schedulers, as a function
of the reaction delay parameter By, and for two distinct © values (30 and

40 dB).

Figure [3.2| compares both solutions in terms of the average time elapsed
between consecutive navigation commands, measured by the number of
bytes that could be transmitted by the channel during that period of timeﬂ

!Note here that idleness might be an advantage when the browsing cost is measured
in terms of channel bytes rather than in terms of browsing time, as considered in our
study.

2This does not necessarily reflect the actual number of bytes that are forwarded by
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As expected, we observe that the reactivity improvement of NP over SW
increases with the reaction delay B, and with the quality threshold ©.
Indeed, a large B; gives more time to download data after having reached ©,
while a high ® means that less current Wol data has still to be downloaded
during the reaction delay. As NP only performs pre-fetching once all current
Wol packets have been scheduled, high B, and © increase the fraction of B,
devoted to pre-fetching. Moreover, we observe that for such high B; and ©,
improvement brought by NP is much more significant when predictability is
high. Indeed, a highly predictable navigation makes the pre-fetching more
efficient.

We observe also that for small B; and/or small ©, improvement of NP
seems better for low predictability. We explain this by the fact that the
cache removal strategies used in both cases have different impact whether §
is small or high. For SW, if space is needed, all packets that do not belong
to the current Wol are removed from the cache. For NP, they are removed
according to their expected interest in future Wols. On one hand, when
0 is low, the chosen navigation model tends to leave the user in the same
spatial area. The SW removal strategy is not suited in this case as high
resolution packets might be removed while they are still very likely to be
needed in a near future. On the other hand, when ¢ is high, the navigation
model will browse the image in the same direction for a while. In this case,
both removal strategies are equivalent and NP outperforms SW only when
it has enough time to pre-fetch data, i.e. for large B, and O.

From a computational point of view, a scheduling strategy that envisions
to pre-fetch data is more complex than SW because (1) it selects the packet
to forward within a larger set, including both the current Wol packets and
the packets that lie outside the current Wol but are likely to be requested
in the future, and (2) it computes the expected distortion based on the
multiple terms defined in Equation , and not on the single term of

Equation (3.3)).

Accepting the computational overhead, we now provide a deeper anal-
ysis of the 3 scheduling strategies proposed to address the dynamic nature
of the browsing system. Our purpose is to understand the impact of the
navigation and reaction model parameters on the advantage taken from
anticipated pre-fetching, compared to natural pre-fetching.

the scheduler, as SW goes idle once all the current Wol data have been sent out.
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3.5.2 Anticipated vs. natural pre-fetching

This section compares the 3 proposed schedulers in terms of browsing
session reactivity. All along the section, we use unitary transmission and
memory units, so that the storage and transmission costs of a packet are
identical.

Figures [3:3] and [3.4] plot the average time, expressed in number of trans-
mitted bytes, between consecutive navigation commands for the 3 sched-
ulers, as a function of the « pre-fetching parameter. The oracle scheduler
does not depend on « and corresponds to a horizontal dashed line. The
natural pre-fetching solution corresponds to a = 0, and is depicted by a
circle. The solid line curves plot the anticipated pre-fetching solution. Fig-
ure considers a poorly predictable navigation model (§ = 0.2), while
Figure corresponds to a highly predictable model (6 = 0.9). In these
figures, we note that the oracle scheduler performs significantly better than
the natural pre-fetching solution (about 30% bit savings for 6 = 0.9). We
also observe that for a well-chosen « parameter, the anticipated pre-fetching
mechanism also improves the natural pre-fetching solution. Regarding the
selection of the a parameter, we first observe that the « value that mini-
mizes the number of bytes per command decreases as the quality threshold
O increases. It makes sense because a small (large) « postpones (speeds
up) the anticipation of future Wols, and a large © means that a high qual-
ity is required in the current Wol before moving to the next user request.
Moreover, we observe that the solid line goes up faster for increased o when
¢ is small. It means that the anticipated pre-fetching is much less sensitive
to the « selection when the navigation model is predictable, i.e. when §
= 0.9. In particular, for a reliable prediction of future Wols, as long as «
remains lower than 0.5, the anticipated pre-fetching outperforms the natu-
ral pre-fetching. We conclude that it is easier and less risky to implement
anticipated pre-fetching when future Wols are reliably predicted than in
presence of a random navigation.

In Figure we finally observe that anticipated pre-fetching (AP) is
especially beneficial, i.e. comes close to the oracle, for small © values (typ-
ically below 35 dB). We explain that observation by the rate-distortion dis-
tribution of JPEG 2000 packets, i.e. by the fact that a typical JPEG 2000
code-stream contains few (a large number of) packets providing a large
(small) gain in quality. As a consequence, for small © values, the packets
that are required to reach the current Wol © threshold provide a signifi-
cantly larger gain on the current Wol than the ones that are not needed to
meet the © constraint. The required packets are thus easy to discriminate
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Figure 3.3: For an unpredictable navigation model (§ = 0.2), the graphs plot
the average time -measured in number of transmitted bytes- between con-
secutive navigation commands, for the oracle scheduler (dashed line), the
natural pre-fetching (circle) and the anticipated pre-fetching (solid line), as
a function of the « pre-fetching parameter. NAP refers to natural and an-
ticipated pre-fetching. Graphs are plotted for a user reaction model defined
by a reaction delay B, = 10 kbytes and by 3 different quality thresholds ©
= 30, 35 and 40 dB. The client buffer memory has a size equal to M =
150 kbytes.
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Figure 3.4: For a predictable navigation model (§ = 0.9), the graphs plot
the average time elapsed between two consecutive navigation commands,
for the oracle scheduler (dashed line), the natural pre-fetching (circle) and
the anticipated pre-fetching (solid line), as a function of the a pre-fetching
parameter. NAP refers to natural and anticipated pre-fetching. Graphs are
plotted for a user reaction model defined by a reaction delay B, = 10 kbytes
and by 8 different quality thresholds © = 30, 35 and 40 dB. The client
buffer memory has a size equal to M = 150 kbytes.
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based on Equation , even for a large a parameter, which is an ad-
vantage regarding the ability to schedule future expected packets once the
required current Wol packets have been forwarded. In contrast, for a larger
quality threshold, it is not possible to find a weighting factor « so that AP
mimics the oracle behavior, i.e. strictly forwards current Wol packets as
long as the quality threshold is not achieved and focuses on future expected
Wols afterwards. Hence, in that case, it is recommended to acquire a better
knowledge of the user reaction model so as to design a dedicated scheduler
that performs closer to the oracle.

In Figure [3.5] we analyze the impact of an error while estimating the
navigation model parameter. Specifically, we consider a mismatch between
the actual § parameter of the navigation model, and its estimate at the
scheduler, denoted d5. In Figures (a) and (b), we mainly observe that
the minimum of the curves plotted as a function of a are not significantly
affected by the d parameter estimation error. Hence, we conclude that,
upon appropriate o parameter selection, the performances of anticipated
pre-fetching are preserved in presence of realistic errors of the navigation
model parameter estimation.

Figure depicts the relative browsing time overhead associated
to natural and anticipated pre-fetching, compared to the oracle scheduler.
The graph plots the overhead for a predictable (§ = 0.9) and a random
(6 = 0.2) navigation model, as a function of the quality threshold ©. For
anticipated pre-fetching, the a value is chosen as the one that minimizes
the overhead. We first observe that the overhead increases with the model
predictability. It makes sense because the anticipation of future Wols is
expected to be more efficient when prediction is more reliable and, therefore,
the performance of the oracle further increases. In that case of interest,
for which the navigation is predictable (6 = 0.9), we also observe that
the relative overhead of natural pre-fetching (NP) over the oracle scheduler
decreases as O increases, due to the increased fraction of B, devoted to pre-
fetching, but also to the increase of the total number of bytes transmitted
by the oracle. The fact that NP performs relatively better at large quality
thresholds is an interesting observation as we have shown in Figure that
AP is less efficient at large than small © values.

Figure presents the browsing time overhead computed for the
natural and the anticipated pre-fetching, relative to the oracle scheduler.
Graphs are plotted for two distinct navigation models (§ = 0.2 and 0.9), as
a function of the number of bytes B, transmitted during the reaction period
7. We observe that natural pre-fetching (NP) overhead rapidly increases
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Figure 3.5: Impact of an error performed while estimating the navigation
model parameter. § denotes the actual navigation model predictability. d
refers to the value of predictability estimated at the scheduler. Each curve
plots the average number of bytes transmitted between two consecutive nav-
igation commands by the anticipated pre-fetching scheduler, as a function
of the a pre-fetching parameter.
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Figure 3.6: Overhead in average number of bytes between consecutive navi-
gation commands for natural (NP) and anticipated (AP) pre-fetching, com-
pared to the oracle scheduler. Graphs are plotted for a predictable (6 = 0.9)
and a random (6 = 0.2) navigation models, as a function of (a) the qual-
ity threshold ©, (b) the reaction delay Br and (c) the cache memory size.
When not displayed in the x-axis, following parameters are used: © = 35
dB, B = 10 kbytes, cache memory size = 150 kbytes.
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as B, increases. It reflects the incapacity of natural pre-fetching to take
advantage of the reaction delay. That incapacity is even more penalizing
when future Wols are predicted accurately, i.e. when § = 0.9. In contrast,
anticipated pre-fetching (AP) overhead remains small and about constant
with B;. It demonstrates that anticipated pre-fetching performs close-to-
optimal pre-fetching during the reaction delay, whatever the reaction delay
duration or the model predictability. For completeness, note that for large
B; values, NP gets the opportunity to pre-fetch future expected data (after
all current Wol data have been scheduled). Hence, its performance gets
progressively closer to the AP and oracle schedulers. In Figure the
converging trend is accentuated by the fact that we express the overhead in
relative terms, compared to the oracle browsing time, which increases with
B..

Figure depicts the browsing time overhead computed for the nat-
ural and the anticipated pre-fetching, relatively to the oracle scheduler.
Graphs are plotted for two distinct navigation models (6 = 0.2 and 0.9),
as a function of the client cache memory size. We observe that the relative
overhead does not significantly change with the cache size, which indicates
that the three proposed scheduling algorithms get a similar benefit from an
increased client cache size.
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Figure 3.7: Awverage number of bytes transmitted between two consecutive
navigation commands, for the oracle scheduler and for a set of reaction
delays By, as a function of the client buffer memory size. © 1is set to
35 dB. The navigation predictability § is respectively set to 0.2 and 0.9 in
Figures (a) and (b).

To figure out the actual impact of the cache size on the performance of
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the browsing system, Figure |3.7| considers the oracle scheduler, and ana-
lyzes how the number of bytes transmitted between consecutive commands
evolves with an increased cache memory, for two different predictability
levels of the commands (§ = 0.2 and 0.9), and for a set of reaction delays
(Br € [10, 30] kbytes). We first observe that the slope of the curves is larger
in Figure[3.7] (a) than in Figure[3.7] (b), which indicates that the predictable
navigation model (J close to one) takes less advantage from an increased
size of the cache memory. We explain that observation by the fact that
a random navigation model ends up in browsing the image more or less
uniformly and in filling the cache with data that are relatively spread on
the image. Cached data have thus a good chance to benefit future requests
of the user. In contrast, for our navigation model, the predictable behavior
has a great chance to browse the image in the same direction for a while, so
that it requests a majority of “fresh” image data at each novel navigation
command. Beside the cache utility issue, we observe that the space between
the curves plotted for distinct B, values is larger in Figure (a) than in
Figure (b). It reflects the fact that a predictable navigation takes ad-
vantage of the reaction delay by transmitting data that are really useful to
the next Wols. In contrast, when the next Wol is poorly predicted, most
of the transmission resources spend during the reaction period are wasted.
They contribute to increase the overall bit-budget without really improving
the initial quality for the next Wol. Pre-fetching is thus inefficient in that
case.

We can summarize the results of our simulations as follows. As ex-
pected, the oracle scheduler always performs better than the two other
schemes. We also observe that, compared to the oracle scheduler, the nat-
ural pre-fetching mechanism is further penalized as the user reaction delay
increases, and as the navigation model becomes more predictable (§ gets
close to one). These results reflect the fact that the oracle’s ability to an-
ticipate future Wols provides a benefit that increases with the latency of
the system and with the prediction accuracy of future Wols. In addition,
our simulations demonstrate that, for an appropriate «, anticipated pre-
fetching always outperforms natural pre-fetching. Moreover, it gets quite
close to the oracle scheduler for small quality thresholds ©, and appears
to be less sensitive to the o parameter when the navigation gets more pre-
dictable. Regarding the client cache memory, our simulations have revealed
that all scheduling approaches get a similar benefit from an increased mem-
ory size. However, we observe that a large cache becomes more important
as future navigation commands get less predictable (for small ¢). For such
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unpredictable navigation models, the use of anticipated pre-fetching, or
even the accurate estimation of the user reaction model, is less beneficial
than a large client cache memory.

Based on these observations, we infer the following guidelines regarding
the design of an interactive browsing system. First, when the navigation
is poorly predicted, the use of anticipated pre-fetching should be discour-
aged, and the search for an accurate definition of the reaction model, so
as to get the best out of the oracle scheduler, is definitely not crucial.
In that case, a simple conventional scheduling mechanism, that is natural
pre-fetching, combined with a large cache memory, is expected to achieve
satisfying performance. On the contrary, when the navigation commands
get highly predictable, the anticipation of future Wol becomes crucial, and
that is even more the case when the latency of the system (due to trans-
mission, decoding or interpretation) increases. Based on the simulation
results, we differentiate two distinct scenarios when the navigation is re-
liably predicted. First, when the quality needed by the user to take a
decision about the next navigation command is rather small (typically 30
to 35 dB), the use of anticipated pre-fetching is strongly recommended be-
cause (i) it provides large gains in bit-budget (up to 30 % ) compared to
natural pre-fetching, (ii) it achieves close to optimal performance, and (iii)
it is easy to implement and tune (small sensitiveness to the a parameter).
In contrast, when the quality needed to decide about the next command
is high, whilst remaining significantly beneficial compared to natural pre-
fetching, the anticipated pre-fetching performs significantly worse than the
oracle scheduler. Hence, in that particular case, it is recommended to at-
tempt to get a better knowledge of the user reaction model, so as to better
approximate the oracle behavior.

3.5.3 Memory- vs. channel- optimized scheduling

In Section [3.4.3] we have motivated the use of memory-optimized sched-
ulers. We now provide some experimental results that compare memory-
and channel- optimized schedulers, based on the responsiveness of the
browsing session.

Figure[3.8 and compare both oracle solutions in terms of the average
time elapsed between consecutive navigation commands. As above, a period
of time is measured by the number of bytes that the channel could transmit
during that time. In Figure [3.8] the transmission unit size has been set to
8 bytes, and curves are drawn as a function of the memory unit size, for
two navigation models (0 = 0.2 and 0.9) and two memory sizes (400 and



68

Chapter 3. Remote Browsing

29
28
27

Time between commands (kbytes)

200 400 600 800

Memory unit size (bytes)

(a) 6=0.2

1000

Time between commands (kbytes)

40

38

36

34
kY]
30
28
26

T-M400 —B—
S - M400 &
T -M1000 —=—
S - MI1000 -

0 200 400 600 800 1000

Memory unit size (bytes)

(b) 6 =0.9

Figure 3.8: Amount transmission resources spared between consecutive com-
mands as a function of the memory unit size, when transmission unit size
is set to 8 bytes. Graphs are plotted for two navigation models, character-
ized by 0 = 0.2 and 0.9. S and T labels correspond to scheduling strategies
respectively based on the storage and transmission cost. MX defines a total
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1000 kbytes). We observe that in nearly all cases, it is better to schedule
packets as a function of their cost in transmission (T') rather than in storage
(S). The only scenario for which S brings a (quite) small advantage over T
corresponds to an unpredictable navigation model (6 = 0.2), using a small
memory size (400 kbytes), with a small memory unit size. This observation
makes sense because (i) the cache memory has been shown to be especially
useful when the navigation model is unpredictable (see Section [3.5), (ii)
an efficient usage of memory is even more important when the memory
size gets smaller, and (iii) a schedule based on the storage cost strongly
penalizes the increments of quality per unit of transmission when there is a
significant mismatch between the sizes of memory and transmission units.

Figure 3.9 confirms this conclusion. The memory unit size has now been
set to 8 bytes while the transmission unit size ranges from 8 to 1024 bytes.
As above, we observe that scheduling packets in terms of their transmis-
sion cost generally provides the highest responsiveness. Again, we observe
that S only improves over T for small memory size and when § = 0.2. In
particular, we note that the improvement occurs for a moderate mismatch
between transmission and memory units, typically around a transmission
unit size of 256 bytes. We explain this last observation as follows. When the
transmission unit size increases and packets are scheduled based on their
transmission cost, some small packets are likely to be discarded from the
transmission schedule despite their significant quality contribution, because
they do not fill an entire transmission packet and thus waste transmission
resources. As a consequence, these packets never reach the client cache,
which penalizes the initial Wol quality provided by the cache when a novel
navigation command is released. This phenomenon explains why the S
curve goes below (and thus outperforms) the T curve in Figure for a
small transmission unit size. However, in most other cases, the T strategy
outperforms the S one, mainly because it maximizes the growth of quality
achieved per unit of transmitted data while bridging the gap between the
initial cached quality and the required threshold ©. Finally, based on these
observations, we recommend to schedule packets based on their transmis-
sion cost.

For completeness, Figure|3.10|compares the browsing responsiveness for
two distinct cache freeing strategies, when packets are scheduled based on
their transmission costs. The two envisioned strategies respectively dis-
card the packets from the cache based on their transmission and storage
cost. As expected, we observe that removing the packets based on the
storage cost maximizes responsiveness, because it minimizes the quality
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Figure 3.10: Awverage time between consecutive commands for two distinct
cache packets removal strategies. The ¢T and ¢S labels respectively mean
that packets are discarded from the cache based on their transmission and
storage cost. The graph is plotted as a function of the memory unit size,
when transmission unit size is set to 8 bytes. MX defines a total memory
size of X kbytes. For all curves, incoming packets are scheduled by the
oracle scheduler, based on their transmission cost. The navigation model is
characterized by 6 = 0.2, and B; has been set to 20 kbytes.

loss per freed memory units. However, a difference between both packet
removal strategies only appears for small memories. It makes sense be-
cause a large memory is expected to contain packets that do not bring
any benefit to the current (and future) Wol and that are removed what-
ever the cost function is. In practice, this observation also means that, in
most practical cases, packets could be equivalently removed based on their
transmission cost, which preserves rate/distortion convex-hull optimality
for each precinct contained in the cache, and thus slightly simplifies the
scheduler implementation (see Section .

3.6 Conclusions

This chapter considers the remote interactive browsing of JPEG 2000
images. Our study focuses on the dynamic nature of the system, i.e. on the
fact that the sequence of windows of interest (Wols) is defined interactively
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by the client in response to the received data. A major contribution of our
work has been to propose and evaluate pre-fetching solutions that anticipate
future navigation commands by scheduling JPEG 2000 packets that are
expected to become relevant in future Wols. Our results demonstrate that,
by speeding up the increase of quality in future Wols, pre-fetching has the
capacity to accelerate the rhythm of user requests and in turn, to increase
the responsiveness of the browsing system. The fundamental reason that
makes the anticipation of future Wols helpful is the existence of a delay
between the transmission of information by the server, and its translation
into a novel Wol request by the user. This reaction delay is due to the
transmission and rendering latency, but also to the time needed by a user
to analyze and interpret the displayed information.

We have compared three schedulers based on extensive simulations, and
have identified the browsing scenarios for which pre-fetching and caching
strategies impact the browsing system reactivity. As an outcome of our
study, we draw the following guidelines to design an interactive remote
image browsing system.

e First, natural pre-fetching, which only pre-fetches future expected
Wol data after all current Wol data have been sent out, provides
a simple and satisfying scheduling solution when future navigation
commands are hardly predictable. Moreover, in that case, a large
client cache memory appears to be beneficial.

e In contrast, when future Wols can be predicted reliably, the client
cache size becomes less crucial, but it becomes important to derive
scheduling policies that are able to anticipate future Wols. This state-
ment becomes even more relevant as the reaction delay of the brows-
ing system increases. In practice, to anticipate future Wols, a simple
scheduling strategy that transmits packets in decreasing order of the
weighted benefit provided on the current and future Wols achieves
close to optimal performance, nearly independently of the weighting
factor, when the level of quality required by the user to trigger subse-
quent commands is reasonable. Hence, it appears that sophisticated
scheduling mechanisms, based on the exploitation of a deep and for-
mal knowledge of the user reaction model, are only recommended
when future commands are highly predictable and when a high qual-
ity is needed by the user to take a decision about the next Wol. This
result is interesting because, in practice, the reaction model is ex-
pected to be difficult to estimate and formalize, especially because
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the reactivity of a user in front of the information displayed in a Wol
depends on complex and subjective interpretation abilities.

Finally, we have also demonstrated that scheduling data as a function
of their storage cost rather than transmission load achieves optimal alloca-
tion of the memory space, but only rarely improves the browsing system
reactivity.



Compressed Image
Retrieval

Coarse-to-fine image classification in the JPEG 2000
compressed domain for fast processing of large datasets.

In this chapter, we address the issues of analyzing and classifying
JPEG 2000 code-streams. The presented techniques could be useful in any
application that involves (semi-)automatic image categorization or retrieval
tasks, such as audiovisual archives retrieval, computer-assisted medical di-
agnosis, remote sensing on satellite images, etc. We first study the kind of
features that can be extracted from a JPEG 2000 code-stream and at what
cost. An original representation, called integral volume, is proposed to store
the features values. It can be progressively built and allows an easy computa-
tion of these values on any spatial image area, regardless of code-block bor-
ders. Then, a JPEG 2000 classifier is presented, that uses integral volumes
to learn an ensemble of randomized trees. Several classification tasks are
performed on various JPEG 2000 image databases and results are close or
even better than the ones obtained in the literature with non-compressed ver-
siton of these databases. Finally, a cascade of such classifiers is introduced,
in order to specifically address the image retrieval issue, i.e. bi-class prob-
lems characterized by a highly skewed distribution and by a large amount of
test samples compared to learn samples. An efficient way to learn and then
optimize such cascade is proposed. We show that staying in a JPEG 2000
framework, initially seen as a constraint to avoid heavy decoding opera-
tions, is actually an advantage as it can benefit from the multi-resolution
and multi-layer paradigms inherently present in the compression standard.
The work presented in this chapter has lead to a conference paper [22], and
a journal paper is being finalized and will be submitted soon.
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4.1 Introduction

As already stated in chapter[I] today’s imaging applications have to deal
with an ever-growing amount of digital data [39]. In order for this huge
amount of information to be manageable and useful, it requires on one
hand an efficient and flexible representation for the images. On the other
hand, application-specific techniques exploiting this flexibility are needed to
guide the user in the data space and assist him in his task. In this thesis, we
focus on one flexible representation, namely JPEG 2000, and on two kinds
of tools helping the user when he interacts with an image database, namely
browsing and retrieval tools. Browsing was investigated in the previous
chapter: we proposed techniques and gave advices to enable an efficient
and smooth remote navigation across large JPEG 2000 image data spaces.
Image retrieval consists in techniques enabling the user to efficiently and
automatically find (portions of) images that are relevant for his current
task. Such techniques will be investigated in the present chapter.

Following the red wire of this thesis, we focus in this chapter on image
retrieval in the JPEG 2000 domain. In the future, it is very likely that the
vast majority of stored and transmitted digital data will be compressed
rather than raw. Consequently, being able to search for relevant images
directly within compressed bit-streams (or through a partial decompres-
sion) has an obvious advantage in terms of computational load. Moreover,
we show in this chapter that JPEG 2000 is well suited for image retrieval
tasks. Indeed, its various scalability levels -already very useful for remote
browsing- allow for true and efficient coarse-to-fine searches among the bit-
streams. Furthermore, the JPEG 2000 wavelet transformation, designed for
compression purpose, has also a strong discriminant power and is suited to
analyze image characteristics like edges and textures. The reader unfamiliar
with JPEG 2000 is therefore invited to refer to Chapter [2]if some concepts
used here and related to JPEG 2000 are misunderstood.

Among the broad range of imaging applications involving classification
or retrieval tasks, we will focus on those where areas of interest are charac-
terized by an ensemble of different textures. Texture has to be understood
here in the broad sense of a “set of local neighbourhood properties of the
gray levels of an image region” [63]. “Grays levels” is even too restrictive
in our case as color information (at least in the low frequencies) will also
be used in the retrieval process. While this choice might appear to ex-
ceedingly narrow the set of potential applications, we will show that many
objects can actually be characterized by an ensemble of textures. This is
even truer if the relative spatial position of the textures composing an ob-
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ject is taken into account, as it will be the case in the proposed system.
Concerning potential applications, we could cite at least three of them, for
which professionals from related fields have explicitly shown an interest in
our work:

1. Remote sensing. Example: while remotely browsing a satellite image,
an agronomist wants to automatically retrieve all the image areas
corresponding to a specific kind of cultivation (corn, wheat, ...) or
wood (leafy trees, conifers, ...).

2. Medical applications. Example: receiving an unknown radiography, a
doctor wants to retrieve in his database similar images that are al-
ready diagnosed, in order to help him make his mind on the unknown
one.

3. Audio-visual archives. Example: a user wants to retrieve in an audio-
visual database all the scenes shooted in a specific kind of location
(a desert for example), or all the scenes from a specific movie with at
least two people appearing on the screen.

Focusing on texture-based retrieval techniques, we will not consider shape
matching algorithms, like the ones presented in [4] or, in a JPEG 2000
framework, in [50]. However, these algorithms could efficiently comple-
ment the proposed retrieval system and are, as such, an interesting future
research direction, as explained in the conclusion of this chapter.

Eventually, we give us an additional working assumption: experiments
carried out in this chapter always use a learning set (ensemble of labeled
images) to train classifiers. Performances achieved by these classifiers are
then assessed with a test set (ensemble of images with labels that the re-
trieving system is not aware of). This is a first step towards a user-centered
approach with relevance feedback and query-by-example method: in such
framework, the user would progressively build the learning set by giving
positive and negative examples and labeling examples selected by the sys-
tem, while the system would progressively build the classifiers based on the
user feedback. Results obtained in this chapter remain valid for this kind of
system and the presented JPEG 2000 coarse-to-fine approach is even very
well suited for it.
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4.1.1 Contributions overview

Three main contributions are presented in this chapter. We will in-
troduce each of these ideas briefly and then describe them in detail in
subsequent sections.

The first contribution is a method to extract, process and store a
hierarchy of features from a JPEG 2000 code-stream. Both header-
based [107] and wavelet-based [50] features are used. For a given image
area, it extracts global and normalized data that are expected to be rep-
resentative of this area. In the proposed method, these global features
are computed on local areas inside an image sample. In this way, relative
spatial position of several groups of pixels -each characterized by a certain
global feature value- can be taken into account and used for shape descrip-
tion. Moreover, as all extracted values are normalized relatively to the size
of the considered area, samples of different sizes can be compared together.
To store all the extracted JPEG 2000 features values, we extend the concept
of integral image first introduced in [I4] and more recently made famous
by Viola and Jones in [I19]. We propose to represent a JPEG 2000 code-
stream with a chain of integral volumes. This representation draws benefit
from the JPEG 2000 scalability levels and allows for a very fast features
computation on any image area.

The second contribution is the combination of integral volumes men-
tioned above with ensemble of random decision trees [41] to build an ef-
ficient and robust JPEG 2000 image classifier. Based on the work
by Marée et al. [71], we take advantage of the integral volume structure to
generate random samples in the images. We show that chosen features lead
to satisfying classification results on several different image databases.

The last contribution is the tight integration of the JPEG 2000 scala-
bility levels for designing a cascade of JPEG 2000 image classifiers.
Cascade of classifiers are well suited for image retrieval tasks and object
detection. When one has to mine into a compressed image database, the
challenge is to retrieve relevant areas while minimizing the amount of de-
compressed data. In this work, starting from the coarse classification that
can easily be obtained from header-based features, we use the resolution
and bit-depth scalability of JPEG 2000 to progressively extract more infor-
mation and refine the classification with wavelet-based techniques. For a
given image area, the amount of data that will need to be entropy-decoded
is therefore directly related to the relevance of this area in the retrieval pro-
cess. This idea is directly inspired from the work of Geman and Fleuret [35]
and more particularly from the one of Viola and Jones [I19]. Concurrently
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to [5], we proposed in [22] to improve the Viola and Jones cascade by taking
into account the extraction cost of a feature. This leads us to an interest-
ing “complexityﬂ vs performances” trade-off when designing a cascade of
classifiers.

4.1.2 Chapter organization

The remainder of the chapter is organized as follows. Section de-
tails which features are used and how they are extracted from JPEG 2000
code-streams. In particular, the scalability of the extraction process is
underlined. In Section 4.3, we introduce the concept of integral volume
to store these features. In Section [£.4] the proposed JPEG 2000 image
classifier is presented and applied to several image classification problems
(n-class problems with n > 2). Various freely available databases are used
and results are compared to related existing systems. A cascade of those
classifiers is then introduced in Section and used to address a texture
retrieval problem (2-class problem) in a computationally efficient way. Fi-
nally, Section [4.6] summarizes the chapter and gives some future research
directions.

4.2 JPEG 2000 features extraction

Numerous papers have been written on the use of JPEG 2000 code-
streams for retrieval tasks. Each of them proposes a set of features that
can be more or less easily extracted from the code-stream and that is used
in a classification process (in most cases this process is a similarity measure
based on a certain distance metric). As we shall see, the proposed approach
uses features with similar discriminant power than the ones proposed in the
related literature. However, in order to address more realistic classification
problems, we propose an efficient way to process and store these features,
called integral volumes. Among other advantages, this representation allows
to easily take into account spatial relative position of groups of coefficients.

4.2.1 Feature types

Two kind of features can basically be extracted from a JPEG 2000 code-
stream: the ones from the packet headers that do not involve any partial

!This complexity being computed as the total amount of data that has to be decom-
pressed in the retrieval process.
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decompression, and the ones based on the wavelet coeflicients that require
an entropy-decoding step.

Header-based features

As detailed in Chapter [2| a JPEG 2000 code-stream is made of a suc-
cession of packets. Each of them is uniquely defined by a set of 4 indices:
p,c,r,l. These values mean that the entropy-coded data enclosed in the
packet relates to [-th quality layer of the code-blocks belonging to a cer-
tain spatial area p (“p” for precinct), component ¢, and resolution r. Each
packet has a header that contains relevant information about its content.
Let us consider the b-th code-block of precinct p, component ¢ and resolu-
tion r. Following relevant information can then be extracted from related
packet headers:

. le;?c,r? the number of bytes used to entropically encode the code-
block. This number shows the efficiency with which the MQ-coder
did compress the wavelet coefficients belonging to this code-block.
As such, it can be seen as a measure of the source entropy and gives
therefore a good indication on the informational content of the code-
block. In [I07], this value is used as a texture classification tool
and an event detection system in video, while in [8I] they use it
to select the most important parts of an image in cropping/scaling
applications. As shown in Fig. if L quality layers have been
specified in the encoding options, N’ aggregates information from
L packet headers:

L
mg mq
Nypler =D Nypleri
=1
b . . . . .
° sz o the maximum number of significant bit-planes in the code-

block. We can easily show that

Ny er = Ll0g2([x10) ] +1

where x is the vector of wavelet coefficients from code-block (b, p, ¢, 1)
[68]. In [67], Mallat showed that the maximum modulus of wavelet
coefficients (and, hence, also the log, of this modulus) describes well
the kind of singularity present in the image. This information can
be found in the first packet header where (a part of) code-block b is

includedE| (see Fig. .
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Figure 4.1: Portion of a JPEG 2000 code-stream. When L quality layers
are specified, the number of bytes used to encode a given code-block Nz:;(fc,r
must be aggregated from L packet headers. The number of significant bit-
planes legmc,r can be computed from data in the first packet header where

code-block b is included.

mq bp
Nb7p707r and Nb7p7c9r

N™2 and N on a ensemble B of code-blocks, we simply aggregate values
from each code-block:

are both global values on a code-block. To evaluate

Ngt =Y N (4.1)
beB

N = max N/ 4.2

B = AX N (4.2)

In Fig. we illustrate the discriminant power of these header-based fea-
tures with two different textures from the Ponce texture database intro-
duced in [52]. For a given subband, the feature values are aggregated over
all code-blocks from this subband. As we see, N™@ and N can be used to
differentiate the two textures, as the one on the right contains significantly
more high frequencies than the one on the left, leading to higher values in
the high resolution levels.

In terms of extraction complexity, these features are of great interest
as they do not imply any (partial) decompression of the JPEG 2000 code-
stream. Headers from all relevant packets have only to be reached and
processed by the retrieval system to collect the information. In compari-
son with a decompression operation, the computational complexity of this
header processing step is negligible. In the following, we will consider only
the number of entropy-coded bytes N™4, as experiments have shown little
improvement when using both kind of features.

!The value actually included in the header is the number of zero bit-planes to skip
before reaching the first bit-plane with at least one significant coefficient. N, fﬁ)’cyr is easily
computed by subtracting this value to the global image bit-depth.
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Figure 4.2: Discriminant power of header-based features on two textures
from the Ponce texture database introduced in [52]. Original images are on
the first line. The second line shows the number of bytes used to encode each

subband (N™4). The third line shows the mazimum number of bit-planes
in each subband (NP).
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Wavelet-based features

Research on wavelet-based retrieval techniques is ongoing for many
years now, and it started long before the JPEG 2000 standardization ef-
fort. Wavelets were indeed already made famous in the mid-eighties and
quickly became a very useful tool in almost all signal processing appli-
cations [67]. As explained in Chapter [2 a wavelet decomposition of an
image allows to separate high frequencies from low ones while keeping the
spatial relationship between coefficients. Hence, this is a well suited repre-
sentation for compression purpose (as image information is usually mainly
concentrated in low frequencies) but also for discriminant analysis. The
spatial-frequency representation provided by the wavelet transform gives
indeed important information on the kind of local singularities present in
the image [66]. In particular, textures end edges are well discriminated.
Among the papers using wavelets in image retrieval systems, we identify
two categories of features, that are subsequently used in a classification
process:

e the significance map of wavelet coefficients. In [3, 50, 58| [68, 10§],
authors propose to use the significance status of each wavelet coef-
ficient at a certain bit-plane as the discriminating feature. A coef-
ficient z is said significant at a given bit-plane k if > 2F~! for
k = 1,..,N%. This significance map, processed with morphologi-
cal operators and/or distance transform, can then be used in shape-
matching applications [50].

e statistical properties of the wavelet coefficients distribution. In this
case, feature vectors are built using different properties of the wavelet
coefficients distribution in each subband. These global properties
are particularly suited to discriminate different textures, as shown in
Fig. histograms of each subband are depicted for two different
images. As we see, probability distributions are closely related to the
kind of texture represented (in this case, histograms of high frequen-
cies subbands from the left texture have a much higher peakedness
than on the right). [69] and [30] propose to model this distribution
with a Generalized Gaussian Density (GGD) and hence, to charac-
terize an image with the vector aggregating the 2 parameters of a
GGD in each subband. [115] follows the same approach using Gaus-
sian Mixture Models instead of GGD. In [124], authors use variance
of each subband to characterize an image while in [3] they use 2nd
and 3rd moments of the significance map at a certain bit-plane.
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1 A .i. .J|||L

Figure 4.3: Probability distributions for each subband of 2 different textures.
To allow a fair comparison, histograms of every pair of corresponding sub-
bands (one from each texture) have been scaled together to have the same
y-axis. High frequencies subbands from the left texture contain less infor-

mation than in the right texture, which explains the higher peakedness of
corresponding histograms.
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In this work, we will focus on this second kind of wavelet-based features,
namely statistical properties. Like in [30] and [I15], we propose to char-
acterize the probability distribution of the wavelet coefficients by a set of
parameters. Starting from a JPEG 2000 code-stream, the extraction pro-
cess of these parameters obviously imply an entropy-decoding step, as we
have to get back to the wavelet domain. In order to avoid a computational
overhead in addition to the already heavy decoding step, the feature com-
putation itself has to be as simple as possible. For instance, this is not the
case in [30] or [I15] as several complex parameters for the gaussian distri-
bution model have yet to be computed once all the coefficients have been
decoded. In this work, a very simple distribution approximation is used: it
does not require any subsequent heavy computation and, more importantly,
it can be progressively refined during the decoding step. Let’s consider a
code-block with N significant bit-planes and N coefficients. As a bit-
plane from this code-block is being decoded, new significant coefficients are
counted. For a given bit-plane k (k = 1,..., N%), the number N;¢ of new
significant coefficients corresponds to the amount of wavelet coefficients x
in the code-block such that

k=1 < x| < 2F

It should be noted that we could easily differentiate positive and nega-
tive new significant coefficients. This will actually be done when processing
code-blocks from the LL-subband. For all other (high frequency) subbands,
the sign will not be considered. Indeed, given the shape of the wavelet
function (the one usually denoted as 1)), the sign of the wavelet coefficients
mainly discriminates signals based on their phase, which is not relevant in
the considered classification tasks. It could also be possible to distinguish
significant coefficients decoded by the significance pass from those coming
from the clean-up pass. Theoretically, this should be pertinent as it gives
valuable information on the significant status of the neighbors of the pro-
cessed coefficient. However, experiments have shown no improvement when
making this distinction. We therefore only consider the significance status
of a coefficient, whatever its sign and encoding pass type. Once N;¢ has
been computed for k =1, ..., N, let’s define a partition of the coefficients
into N + 1 disjoint intervals {Sp, ..., Syts } such that

Sy = {z: 21 <z < 2P fork=1,.. N1 (4.3)
So = {z:|z| =0}
Sy = {z:2N" < |z}
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The probability distribution of |x| in the processed code-block might then
be approximated by the following histogram:

p(z)) = ni¢forze Sy, k=0,.. NP (4.6)
sc
where nj¢ = ]\’; fork=1,..,N%
Nbp
nst — N — Zk:O Nlic
0 N

which verifies n{¢ > 0 (k = 1,..., N%) and ZkN:bg nj¢ = 1. Note that this
is not a classic histogram as bins have a variable width. Indeed, each bin
covers exactly the range of values that coefficients might take if they be-
come significant in the corresponding bit-plane. This allows the histogram
to be progressively refined: once the first most significant bit-planes have
been decoded, relevant information on the histogram shape is already avail-
able. All the remaining non-significant coefficients are left in the last bin
(So) until a new decoded bit-plane splits this last bin in two new and
smaller non-overlapping bins, further refining the distribution approxima-
tion. When all bit-planes are decoded, the distribution is modeled by a set
of N% parameters. In the following, these bin values will be considered
as independent features, each one giving some relevant information on the
image.

4.2.2 Feature properties

The header and wavelet-based features described above are global val-
ues: any feature we use corresponds to an average value on a given image
area. In comparison with shape descriptors, this kind of feature is usually
much easier to process. Moreover, in a JPEG 2000 framework, they are
less influenced by aliasing effects that might occur due to the decimation
operation during wavelet decompositions. On the other hand, their major
drawback is obviously that they are not able to account for any geometrical
structure present in the image. We will propose in Section [4.3| a method to
solve this problem.

Another desired property of our extracted features is that they should
not be dependent on the sample size. Indeed, we want to be able to com-
pare (portions of) images that do not necessarily have the same amount
of pixels. To do so, a normalization of the size-dependent features takes
place. Concerning header-based features, if we consider an ensemble B of
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code-blocks, we define
m
ma _ 2uben Vs !

T
where N é’ V€S is the number of bytes used by the decoded wavelet coefficients
in code-block Cﬂ Concerning wavelet-based features, the bin values defined
in previous section are already independent of the sample size, as long as we
use n;¢ defined in Eq. rather than N;¢. Thanks to this normalization,
the subsequent classification process will use global and normalized features
(n™ and n;¢ for k =1,..,N o) whose values are all comprised between 0
and 1, whatever the size of the image area on which they are computed.
Depending on the subsequent classification task, one can take advantage
of an additional property for the feature values, namely rotation invariance.
As detailed in Chapter [2| subbands HL, LH and HH from a given res-
olution highlight high frequencies in the vertical, horizontal and diagonal
directions, respectively. In some applications, these directions are not rel-
evant to differentiate samples from different classes. For instance, Fig.
presents various texture classes that will be used in a classification process
detailed in the next section. Samples from each of these classes have to
lead to the same range of feature values, although different main directions
are present in each class (this is particularly visible on the “corduroy” class,
last row of Fig. |4.4]). To enable this rotation invariance, feature values from
the 3 subbands are merged together. In the rest of the chapter, this merg-
ing operation is simply done by averaging the n™? and n;° values over the
different subbands of each resolution level.

4.2.3 Scalable extraction

The feature extraction process can take advantage of the scalability
inherently present in JPEG 2000, namely the spatial, resolution and SNRE|
scalability levels. It is indeed possible to make a trade-off between the
desired characterization accuracy and the feature extraction cost it will
imply. “Extraction cost” has to be understood here as the amount of data
from the JPEG 2000 code-stream that will have to be processed and/or
decoded.

Let’s consider a given spatial area in an image. Thanks to the spatial
scalability of JPEG 2000, we can easily select the packets related to this

Note that in most cases, this number N;’ytes is equal to the number of coefficients in
the code-block, as coefficients from a given component are usually coded with 1 byte.
29NR scalability denotes the bit-plane progressive decoding ability.
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area without having to process the remaining code-stream. Once relevant
packets have been identified, a coarse characterization of the area content
can be obtained by extracting the header-based features. Information from
the lowest resolution headers is first collected, before being progressively
refined with higher levels headers (using the resolution scalability). If a
more accurate description of the image content is required, we can then
complement the header information with wavelet-based features. This is
done at the price of an higher computation load, as entropy-decoding oper-
ations are required. Again, we can start with the coarse data present in the
low resolution levels and then get more information from higher levels as it
is needed. Moreover, in this case, the SNR scalability is also useful. As de-
scribed in previous section, for a given subband, the coefficient distribution
can be more accurately approximated as more bit-planes are decoded.

To illustrate the benefit that can be drawn from such scalable extrac-
tion, a texture classification process is presented. Let’s consider 4 different
classes of textures. Each class contains 40 items, each one being a 640x480
grayscale image. Several random samples from each class are presented in
Fig. All images are JPEG 2000-compressed using 3 decomposition lev-
els, which means 4 resolution levels in total, resolution 1 corresponding to
the lowest resolution (the LL-subband). Feature values are all normalizedﬂ
and information extracted from different subbands of the same resolution
level is merged, as described in the previous section.

There are three successive steps in this example of classification process,
each using a bit more information than the previous one.

1. In the first step of the classification process, only very cheap fea-
tures are used, namely header-based features. Fig shows how the
40 samples of each class are distributed in the 2D-space formed by
two features chosen among all the header-based extracted informa-
tion. These two features are the number of entropy-coded bytes that
have been generated to encode the 2nd and the 4th resolution, re-
spectively. As we see, this information, very easily extracted from
the code-stream, is already sufficient to discriminate the “water” class
from the three other ones. In contrast, classes “glass1”, “glass2”, and
“corduroy” require more information to be clearly differentiated.

2. In addition to the headers already processed, we now assume that the
2 most significant bit-planes (7th and 8th) of resolution 1 and 2 have

Note however that as samples have all the same size, the normalization is not strictly
required.
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Figure 4.4: Texture samples from 4 different classes, one in each row: wa-
ter, glassi, glass2 and corduroy. They correspond respectively to class 7,
16, 17 and 24 from the Ponce texture database [52].
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Figure 4.5: First step of a scalable classification process, based only on

. . m
header information. n;

? = normalized number of entropy-coded bytes for

resolution ©. These header-based features are sufficient to clearly discrimi-
nate the “water” class from the three other ones.

been decoded. Valuable information about the number of significant
coefficients from these bit-planes and resolutions are thus from now
on available. As shown in Fig. this new information allows to
clearly separate the “glass2” samples from the two remaining classes,
although it was not possible to do so with header-based features only.
Even classes “glass1” and “corduroy” are almost separated but deeper
feature extraction should enable to better distinguish them.

. In this last step, the third most significant bit-plane (the 6th) from

all resolutions is supposed to be decoded. Fig shows how the
two last classes can be separated using the number of new significant
coefficients in the 6th bit-plane of resolution 1 and 4. While this
separation is not as good as for the other classes, it is nevertheless
slightly better than the one obtained for these two classes in Fig
Moreover, for illustration purpose we did only consider two features
but the classification results are expected to be much better when
considering more features. We invite the reader to refer to Section [£.5]
where a complete classification process is envisioned.

As we see, this scalable extraction perfectly fits with a classification

process made of several cascaded classifiers, like the one proposed by Viola
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tion of new significant coefficients in bit-plane j, for resolution i. It pro-
vides valuable information allowing to separate textures from class “glass2”.
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Figure 4.7: Third and final step of a scalable classification process.

The

third most significant bit-plane from all resolutions has been decoded. This
allows to more clearly discriminate the two remaining classes, “glass1” and

“corduroy”.
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and Jones in [I19]. Such cascade will be detailed in Section and used
in an image retrieval context.

4.3 Integral volume representation

Let’s summarize what we do have up to this point. Considering a code-
block b of a JPEG 2000 compressed image, we showed that relevant infor-
mation could be extracted from the code-stream about it:

° nl:nq: normalized number of bytes used to entropically encode the
code-block.

e 1 fraction of coefficients, among all coefficients of the code-block,
that become significant in the bit-plane & (k =1, .., le ).

Each of these extracted values gives a global information on the code-block
and is comprised between 0 and 1. If the area of interest is made of several
code-blocks, these values are very simply aggregated. This could happen
if this area covers a bigger spatial zone than the one covered by the code-
block, and/or if the rotation invariance is required. In this latter case,
spatially corresponding code-blocks from the different subbands are aggre-
gated. Eventually, we showed that these features were suited to discrimi-
nate textures and that the JPEG 2000 scalability levels could efficiently be
used to set up a scalable classification process.

In many imaging applications involving content analysis, the user wants
to be able to extract information about a specific image area, rather than
about the whole image. Such area selection process might indeed be used
to characterize the entire image by a set of feature values extracted from
different spatial areas of the image. It can also be useful in an image
retrieval task: each image of a database is scanned at various scales with
sliding subwindows of different sizes. For each position of a subwindow, the
corresponding image area is analyzed and classified as a positive or negative
area.

Unfortunately, one of the major drawbacks of the features described
in previous sections is that we have to stick to code-blocks borders when
selecting an area of interest. This can reveal itself to be very constraining, in
particular at low resolution levels. To realize this, let’s remind that all code-
blocks in an image have the same size: it is specified in the encoding options
and is typically around 32x32 or 64x64 pixels. The effective image area
covered by a given code-block depends on the resolution level to which this
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code-block belongs. Indeed, let’s consider an image compressed with Ny,
decomposition levels. There are Ny, + 1 distinct resolution levels, denoted
r =0,1,..., Nr. The lowest resolution level, r = 0, is represented by the
Nip-LL subband. The size of the original image area covered by a given
code-block (b, p,c,r) is then

Spper = (wb.2NL).(hb.2NL) = wb.hb.2*NE if r =0
= (wb. 2N (Wb 2NETTHY) = bbb 22Ne D i e > 0

where wb and hb are the width and height of the code-blocks in the image,
respectively. This is illustrated in Fig. [£.8 and .9 A 512x512 image of
Lena has been compressed with 4 resolution levels (N, = 3) and the size
of code-blocks has been set to 32x32. Fig. shows how subbands are
each divided into a set of code-blocks of the same size. This subdivision
in code-blocks allows to analyze independently several spatial areas in the
image. The size and location of these areas depends on the resolution level
and are depicted in Fig. for each of them. Imagine now that for some

Figure 4.8: Subdivision of resolution levels into code-blocks. All code-blocks
have the same pizel size but cover different spatial areas in the image de-
pending on the resolution level to which they belong.

good reason we want to specifically analyze and characterize the texture
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corresponding to Lena’s shoulder smooth skin. To do so, we would like to
extract relevant information about this area from each resolution level. In
the highest resolution level (r = 3), there are fortunately two code-blockﬂ
precisely covering the area of interest: features n™¢ and ni° from corre-
sponding high resolution code-blocks will give valuable information about
the texture. However, in the lower level (r = 2), the shoulder has already
to “share” a code-block with some background information in the upper-
right corner. Global features extracted from this code-block will average
shoulder and background contributions and will therefore not purely char-
acterize the skin texture. And the situation is even worse in the 2 lowest
levels (r = 0,1). This example shows that being constrained by code-block
borders is problematic when information about a specific spatial area has to
be extracted from each resolution level. The integral volume representation
proposed in this section intends to solve this problem.

4.3.1 Principle

Let’s consider first the wavelet-based features, namely the n;¢ values.
These features can be computed very rapidly, at any resolution level and
on any spatial area, independently from code-blocks borders, using an in-
termediate representation of the image, called integral volume. This repre-
sentation is a direct extension of the integral image introduced in [14] and
more recently made famous in [I19]. In this case, such representation has
the noticeable advantage of being easily built during the decoding process.
Once computed, features values are easily computed on any given spatial
area.

While decoding the k-th bit-plane of a code-block b, a table T;¢ is
progressively built such that each element 7;¢(7,7) at column 4 and row
j is the number of significant coefficients in the code-block at bit-plane k,
among all coefficients above and to the left of element (i, j), inclusive:

TG, 5) = > sil(iyj')  fori=1,..,wband j=1,.. hb
i1<i,j'<j

where wb and hb are respectively the width and height of code-blocks and
sk(i, 7) refers to the significance map of bit-plane k and verifies

sp(i,g) =1 ifb(i,7) > 2k1

=0 otherwise.

!There are actually 6 code-blocks in total as there are 3 subbands and 2 code-blocks
per subband. However, for display convenience, we did represent the reconstructed level
and not the subbands.
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Figure 4.9: Spatial areas covered by code-blocks in each resolution level. In
the lower levels, the subdivision is very coarse, preventing to finely select a
desired spatial area.
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This concept is illustrated in Fig. the significance map s, of a random
bit-plane k is represented, together with the corresponding integral table
T3e.

k

o|l1]|1fo]|o ol1]2)2]2
ol1]of1]o ol2]|3f4]|4
olofof1 |1 [—1,> o|l2|31l5]|s
1lofl1]o]o 113|5|7]s
ol1l1]1]o0 1147 [10]11

(a) (b)

Figure 4.10: significance map s, of some 5x5 code-block (a) and correspond-
ing integral table T;° (b). Table T (i, ) is the sum of significant coefficients
among all coefficients above and to the left of element (i, 7).

As mentioned above, computation of table T} perfectly fits with the
entropy-decoding procedure of bit-plane k. Indeed, the significance status
of each coefficient of a code-block is a state variable of the M ()-decoder.
As such, it is constantly maintained and updated during the decoding pro-
cedure. Hence, after the MQ’s clean-up pass has processed element (i, j) of
the bit-plane, s;(4,7) is directly available and T;°(7,j) is obtained by the
following recursive formula

T3, ) = T(i = 1,5) + T(6,5 — 1) = T°(i — 1,5 — 1) + s (i, )

where initial conditions are

T(i,—1) = 0
Te(-1,5) = 0
Tee(-1,-1) = 0.

Moreover, changing these initial conditions enables to easily take into ac-
count previously decoded adjacent code-blocks, as shown in Fig. If we
want to account for code-blocks on the left or above the one being currently
decoded, we just have to know the closest line from integral tables of these
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adjacent code-blocks and use them as initial conditions:

Te(i, 1) = TEO"P(i, hb)
T3(~1,5) = T (wb, j)

Tee(—1,-1) = TP (wb, hb).

] ] L} ] ] L} ] L} I I (] I I (] I (]

A A
| 0 1 0 0 0 1 0 ] 15 (18 120 |21 |21 24 | 25
| 1 1 1 1 0 0 1 __- 19123 126 |28 |28 | 31 | 33
o 0 1 0 1 1 0 0 o 20 | 25128 |31 (32|35 (37
o 1 0 0 1 0 1 0 I:> __- 23 128 |31 |35 (36|40 |42
o 0 0 0 0 0 1 1 ] 24 |29 132 |36 (37|42 | 45
- 0 1 1 0 1 0 0 o 24 130 134 |38 |40 |45 | 48
o 1 1 0 1 1 1 0 ] 27 | 34|38 |43 |46 | 52 | 55

Figure 4.11: Integral table T};¢ with adjacent code-blocks taken into account.
Initial conditions are set to the border lines values of the code-block currently
decoded (black bold numbers in the figure).

If we compute this integral table T; for all bit-planes of all code-blocks
from a given subband sb (sb € {LL, HL, LH, HH}) of a resolution level r,
we obtain what we call an integral volume of this subband. Each element
of such volume is simply given by

IV (i g k) = T(i,§) for i=1,.,wpg (4.7)
J=1 e
k=1,..,N?,

where w, o, and h, g are respectively the width and height of subband sb
in resolution 7. Nfﬁ,b is the maximum number of bit-planes in the sub-
band. Once computed, this integral volume allows to very easily obtain
the number N;¢ of new significant coefficients in bit-plane k on any spatial
area inside the subband. Indeed, let’s consider a subband represented by
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its integral volume IV, and a spatial area A in this subband, defined by
its upper left corner (ig, jo) and its lower right corner (i1, j1). The amount
of new significant coefficients in A, comprised in a bit-planes subset K
(K = [ko; k1], ko < k1) is simply given by

k1
Nf\C,K = Zfok
k—ko
= IV (io, jo, ko) + IV (i1, j1, ko) (4.8)

_IV(’i07j1, k?()) - IV(il,jQ7 kO)
—1IV (ig, jo, k1) — IV (i1, j1, k1)
+1V (i, j1, k1) + IV (i1, jo, k1)-

Eight elements of integral volume IV and seven arithmetic operations are

t 2

Figure 4.12: Integral table illustration. The sum of all coefficients in area
D is obtained with four elements of the corresponding integral table. The
value t1 is the sum of all elements in area A, t2 corresponds to A+ B, t3
to A+ C and td to A+ B+ C + D. The sum within D is then equal to
t1 +t4 — 2 — t3. (Figure retrieved from [119]).

thus sufficient to compute Nj°; on any area A. This is a 3D-extension of
the concept explained for the 2D in [119] and reproduced in Fig. for
convenience. The integral volume of the subband is illustrated in Fig. [4.13

In order to have a single representation from which it would be possible
to extract both wavelet and header-based features, we use the same concept
of integral table to store the N™? values. For this kind of feature, one single
value is available for each code-block: the total number of entropy-coded
bytes for this code-block. Consequently, an approximation is made so as to
infer a value for every coefficient of the code-blocks and fill all the elements
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(a) The red square area is the zone in a
given subband from which we want to ex-
tract the number of new significant coeffi-
cients between two bit-planes ko and k;.

| K
NOP

k14

|

(b) Integral volume of the corresponding subband is represented. The k-
axis is the bit-plane dimension. The number of new significant coefficients
in the red volume is given by Eq. [£:8

Figure 4.13: Integral volume illustration.
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of the integral table. We simply assume that a coefficient = at location
(i,7) in a code-block b is entropy-coded using

mq
N,

If
NbCO(i

Ny (i, g) =

bytes, where Nbcoef 7 is the number of coefficients in code-block b. It is then
possible to define the integral table 77 like it was done for T;“:

(i, 5) Z qu ,fori=1,...,wband j=1,...,hb

i'<4,j'<j

By adding table 7% on top of all tables 7} of the integral volume
IV, & defined in Eq.

IV, (i, 3, N +1) = T™(i,5)  for i=1,..,w.4
j= 1,...,hmb

we obtain a single representation of the subband sb of resolution r from
which any feature N™ or N*¢ can be easily computed on any spatial area.
As information included in IV for k = 1, ..., N* is not of the same kind as
for k = N% + 1, attention will of course be given to not select subvolumes
in I'V that would mix these two zones. They are actually put together only
to provide an unique representation of the subband.

A normalization is then applied to this integral volume in order to
be able to compare areas of different sizes. To do so, we simply divide

all elements of the integral volume IV, g by its total number of elements
NIVr,sb:

. .o IV,b(iajak)

Z'Ur,sb(laja k) = ’i]\sflvr,sb

Then, for any spatial area A defined by its upper left and lower right cor-
ner (ig,jo) and (i1,71) and for any bit-planes interval K = [ko; k1], the
normalized values nzlq and niﬁ 5 are given by (iv, g is simply noted iv for
convenience)

ik = (ivlio. o, ko) +iv(ir, g1, ko) (4.9)
—iv(ig, j1, ko) — v (i1, jo, ko)
—iv(io, jo, k1) — v (i1, 51, k1)
+iv(ig, j1, k1) + iv(i, jo, k1)) /a
nyt = (iv(ioajo, N 4+ 1) +iv(iy, j1, N + 1) (4.10)

—iv(io, j1, N +1) = iv(ir, jo, N +1)) /a.
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where
1 < iO < Z.l < Wy sb
1 S]O <j1 < hr,sb
1<ky<ki <NP
and

A (—io).(h —Jo) _ (2'1—2'0)-(]'1—]'0)'

Atotal Wy sb- hr,sb NTVrsb

a

The normalized area a actually corresponds to the fraction of the total
area of the integral volume covered by the area of interest. Moreover, to
get really comparable volumes, the N value is set to a fixed value (8 in
our work), whatever the maximum number of bit-planes in the considered
subband. If they are more bit-planes, they are all accumulated in the most
significant one. If they are less, the most significant bit-planes are simply
set to zero. Eventually, to provide rotation invariance property, integral
volumes from the 3 different subbands of a same resolution level are merged
by a simple averaging operation:

Zsb ivr,sb(ia jv k)
3

v (i, §, k) =

In conclusion, starting from any JPEG 2000 image, compressed with Ny
decomposition levels, an intermediate representation can be generated. The
building of this representation suits well with the image decoding process
and can be done progressively, as more data is decompressed. It consists
in several different volumes of size w,xh,x(N% + 1) (r = 0,.., Np). With
these volumes available, two kind of relevant information can be obtained
about the content of any spatial area inside the image, independently from
the code-block borders. These two kind of information are, for a given
resolution level, (i) the normalized number of entropy-coded bytes used to
encode this area and (ii) the number of wavelet coefficients in this area that
are comprised between two given values of power of 2. For a given image,
there are 9 parameters needed to specify the exact feature value we want
to extract from the volumes:

e r: the resolution level,

e c: the component (¢ > 1 in case of color or multi-modal images),
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e sb: the subband number (sb > 1 if » > 0 and subband averaging has
not been done),

® 10,%0: the upper left corner of the area of interest,
e x1,y1: the lower right corner of the area of interest,
e ko, k1: the interval of bit-planes that has to be taken into account.

The number of volumes representing an image is thus given by (rxcxsb).
Note that (xg,yo,x1,¥y1) are normalized coordinates. They are comprised
between 0 and 1 and are related to coordinates in each volume in the
following way

lpe = T Wy

jr,c = yc-hr

for ¢ = 0,1. Note also that if the number of entropy-coded bytes is desired
on the area, ko and ki are both taken equal to (N® + 1). Using the r,
¢, and sb parameters to select the right volume and then using the other
parameters to resolve Eq. or the desired feature value is obtained.

4.3.2 Spatially localized image characterization

Global features computed on a whole image are well suited to discrimi-
nate homogenous images, i.e. images representing a single kind of texture,
like the ones presented in Fig. [f.4] More generally, we can say that global
features are more relevant if they are extracted from homogeneous zones.
However, in most classification or retrieval applications, relevant image con-
tent is actually characterized by an ensemble of such homogeneous zones.
This is illustrated with a very simple example in Fig. [£.14 The depicted
landscape is obviously made of 3 main zones, each characterized by its own
set of global feature values.

In this work, we make the assumption that any image of interest can
be approximated by a “patchwork” of different textures. We assume also
that the spatial localization of the different zones in the image is relevant
and should be taken into account in the image description. This idea is
inspired from the work of Amit and Geman [2] where the authors used the
relative spatial position of tags to characterize written letters. Our image
description is thus made of an ensemble of global feature values computed
on several local areas, each area being located at a precise place in the
image. This is illustrated in Fig. |4.15(a): the image is characterized with
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Figure 4.14: An image is in most cases made of several different textures.
In this case, there are obviously 3 main zones, each characterized by its own
set of global feature values.
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three different areas, each one from a different zone in the image. The
image description will include the exact position of each area, together
with the kind of global feature value extracted from each of them (i.e.,
the normalized number of bytes used to encode the area, or the number
of significant coefficients in a given bit-plane, ...). Thanks to the integral
volumes described above, it becomes very easy to generate such description
for a given image. Indeed, we just have to provide a set of nx9 parameters, n
being the number of local areas where a feature value is extracted. It should
be noted that color information can also be used by extracting information
from color components.

As suggested in Fig. [4.15(b), this description can subsequently be used
to retrieve similar images. To do this, all candidate images are evaluated in
the specific areas mentioned in the image description and the same features
as in the image-query are extracted. Closest candidate images in terms
of feature values are then considered as similar. The example shown in
Fig. |4.15(b) is of course a very simple one and is more a proof-of-concept
than a “real-world” application. In more realistic scenarios, a set of several
classes of images is used as a learning set. Based on these images, the
learning algorithm will try to find which areas and which features in those
areas best separate the image classes. Once the classifier has learned enough
to correctly discriminate the learning set, it can be used to classify unlabeled
images. This kind of classification scheme is presented in Section [4.4]

4.3.3 Samples and features

Integral volumes enable to evaluate different features on any spatial area
inside an image. This has been used to generate more accurate description
of such image by taking into account the spatial localization of the differ-
ent areas considered. The same mechanism can also be used to generate
independent samples from a given image. This might be useful in at least
two (non-exclusive) cases.

1. In a classification task, images from a same class often differ in many
aspects. From one image to another, there might be partial oc-
clusions, cluttered background, illumination or orientation changes,
etc. These differences can drastically reduce the classification per-
formances if each image is only considered globally. If we randomly
extract from each image a certain amount of square samples of dif-
ferent size and if we consider them as independent items belonging to
the initial image class, classification results will be less sensitive to the
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4.3 Integral volume representation

(a) Different areas are selected to characterize an im-
age. The description of the image includes the exact
position of each area, together with the kind of global
feature value extracted from each of them

(b) The image content description can subsequently be used to retrieve similar images.

Figure 4.15: Image content characterization.
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above-mentioned problems. This idea has been introduced in [70] and
further explained in [71]. As detailed in these papers, subsampling
an image has several advantages:

e The correct classification of all samples is not required to cor-
rectly classify one image. This can make the classification pro-
cess less sensitive to partial occlusions.

e Spatial image transformation do not alter all samples to the same
extent. Many of them will be left more or less intact, resulting
in increased robustness to viewpoint and orientation changes.

e When only few images are available in the learning set, subsam-
pling enables to increase the number of items in each class and
feed the learning algorithm with more examples.

Subsampling an image might appear to pursue goals that are opposed
to the feature extraction process described above which specifically
took into account the spatial position of various areas. However, the
two processes are actually complementary. Samples are generated to
increase the classification robustness. Then, each sample is described
with a set of features computed on different areas in the sample.

2. In a retrieval task, big images have to be progressively scanned by a
sliding window of interest. For each position and scale of this window,
the related image content has to be evaluated and classified as a
positive or negative item. Being able to easily analyze independent
samples from a given image is obviously useful in such task.

Practically, once the integral volumes of an image are available, a sample
can simply be described by four parameters, namely the two pairs of nor-
malized coordinates corresponding to the upper left and lower right corners
of the sample. These normalized coordinates allow to access the targeted
area at any resolution and in any component of the image. Features can
then be extracted from the sample by combining the sample coordinates
with the feature coordinates. Let’s consider a grayscale image of size wxh,
compressed with Nj decomposition levels. The integral volume represen-
tation of this image consist in (Nz + 1) volumes (we assume that subband
merging has been done) of size w,xh, given by

w
~ 9Np-—r+1
B h
2NL—7‘+1

Wy

hy,
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Figure 4.16: Combined sampling and feature extraction in integral volumes.
A sample is first defined with the normalized coordinates of two of its cor-
ners. This allows to select the corresponding portions of integral volumes

in each resolution level. Then, the desired feature f can be extracted from
the sample.



106 Chapter 4. Compressed Image Retrieval

forr=1,...,Np, and

o w
w0—2NL
h

ho = 5

If we want to extract a feature f defined by the 9 parameters (s, cy,sby,
T.0,Y£,0sTf1,Yf,1,Kf0,kp1) from a sample of this image defined by the 4
parameters (50, Ys,0, s,1,Ys,1), the integral volume ivrf corresponding to
resolution level rf is first selected (cy and sby parameters are useless in
this case). Then, a subvolume is extracted. It can be defined by two of its
corners (ifs.0,Jfs,0,kfs0) and (ifs1,5¢s1,kfs,1) such that

Ifsec = (($371 — 56870) et CCS,Q) Wy (4.11)
rse = ((Us1 = Ys0) Ype + Yso) Fuy (4.12)
kfse = Fkre (4.13)

for ¢ = 0,1. Eventually the desired feature value is computed with Eq. [£.9]
This process is illustrated in Fig.

Thanks to this sampling procedure, information from all resolution lev-
els and all components about any given spatial area in an image can be
very easily isolated and analyzed.

4.4 A JPEG 2000 image classifier

In this section, we introduce a JPEG 2000 image classifier. It uses the
integral volume representation described above in a robust and efficient
classification algorithm. This classifier allows us to assess the discriminant
power of the features extracted from a JPEG 2000 code-stream, together
with the efficiency of the integral volume representation used to store them.
Moreover, it paves the way towards an image retrieval system that will
combine several such classifiers in a scalable cascade architecture (see Sec-
tion .

Like many image classification methods, the proposed classifier assumes
the existence of two sets of images, each image belonging to one of N,
distinct classes (N, > 2)|H The first set, whose labels are known by the
classifier, is called the learning set and is used to train the classifier so

'The case (Ne = 2) is assimilated to an image retrieval task and will be envisioned in

Section @
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that it best separates images from different classes. The second set, called
the test set, is used to evaluate the performances achieved by the trained
classifier.

In the remainder of the Section, the classification method is first detailed
4.4.1)). Experiments on freely available image databases are then carried on
4.4.2)) to assess the performances obtained with such classifier. Eventually,
a discussion on the results is proposed .

4.4.1 Method

The classification algorithm used in combination with integral volumes
is an ensemble of binary decision trees.

Tree-based methods consist in a succession of answers to (binary) ques-
tions that progressively divide (and classify) an initial set of items. Starting
from a root node, the tree is grown by finding splits of data that make the
representation more “pure” [31]. The entropy of the data set is often used
to evaluate this reduction of “impurity”. Among the advantages of these
methods, we should cite the ability to produce complex and accurate clas-
sifiers through a succession of simple recursive operations. This gives such
methods a great flexibility. Moreover, as they can process all kind of data
(numerical or non-numerical), they are used in a wide range of applica-
tion. Historically, they were developed in the 80’s (see [9] for example), in
particular with the work of Quinlan who introduced 2 famous tree-based
classifiers: ID3 [90] and C4.5 [91].

However, these methods usually suffer from high variance: small
changes in the training set often produce large changes in resulting deci-
sion tree [27, [38]. This instability is a major drawback that has limited the
interest for decision trees until the development of ensemble methods [2§].
An ensemble method is a “meta-algorithm” that consists in combining in
some way (typically by weighted or unweighted voting) a set of individual
classifiers. Under certain conditions, such meta-classifier performs much
better than any individual classifier composing it. As explained in [28], “a
sufficient and necessary condition for an ensemble of classifiers to perform
better than any of its individual members is if these members are accurate
and diverse. An accurate classifier is one that has an error rate better
than random guessing on new x values. Two classifiers are diverse if they
make different errors on new data points”. In the context of decision trees,
ensemble methods can drastically reduce the variance problem and even
benefit from this instability by averaging the decisions from a set of trees.

Among ensemble methods, three of them have raised particular inter-
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est [29], namely boosting, bagging and randomization. In each case, the
same base learning algorithm is invoked many times with different param-
eters or with a different training set. In boosting [37] (and its famous
algorithm AdaBoost), a weight is maintained for every item in the train-
ing set. This set of weights is adapted from one individual classifier to
the next one by increasing the importance of misclassified items. In this
way, a succession of single classifiers is built, that focus progressively on
hard examples. Bagging [8] builds a set of totally independent classifiers,
each one being trained on a bootstrap replicate of the original training set.
With randomized methods [27], the training set is usually the same from
one classifier to the other but internal decisions of the base learning algo-
rithm are randomized. For example, each split is randomly chosen among
20 good pre-computed candidate splits. In [29], a comparison of the three
methods shows that boosting usually outperforms bagging or randomiza-
tion. However, these better performances come at the cost of a much bigger
complexity in terms of learning time [72].

More recently, Geurts et al. further increased the randomness of the
learning algorithm by introducing their Extra-Trees (for “Extremely Ran-
domized Trees”) [41]. In their work, every split in a tree is chosen completely
at random. This basically means that both the tested feature and the cut
point selected for thresholding, are chosen randomly. Surprisingly, this
pretty simple method proves to be quite efficient, and obviously benefits
also from a very low complexity.

In our work, we propose to combine an ensemble of random decision
trees with our JPEG 2000 integral volume representation. The proposed
scheme is based on the work by Marée et al. |71, [72], [73]. Authors of these
papers combined the Extra-Trees mentioned above with random subwin-
dows extracted from the sets of images. In the following, we summarize
their method and detail the few changes we had to make in order to fit in
our JPEG 2000 framework.

Sampling

As explained in Section[.3] subsampling images have several advantages
when dealing with classification tasks, the two main ones being that

e it increases the robustness of the classifier: all samples from an image
do not need to be correctly classified to still correctly classify the
image,

e it decreases the influence of the statistical problem described by Diet-
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terich in [28]: when the amount of training data is too small compared
to the size of the hypothesis space, the hypothesis selected by the clas-
sifier might not be accurate at all when applied to the test set. In
particular, when building decision trees, a great amount of samples
need to be available: it allows to build trees deep enough to test a
sufficient number of relevant features.

In [71], authors extract a large number of possibly overlapping, square
subwindows of random sizes and at random positions from training images.
These subwindows are then rescaled to a size of 16x16. A sample is then
defined as the vector of 256 values (768 in case of color images) correspond-
ing to the pixel values of each rescaled subwindow. Note that for color
images, resized subwindows are transformed to a HSV color space which is
more robust to illumination changes compared to RGB. These samples are
generated offline and once for all, before training the decision trees.

In our work, the approach is similar but differs in two main points:

e There is no “fixed-size feature vector” characterizing each sample. Ac-
tually, there is virtually an unlimited number of features that can be
extracted from a given sample. A feature is uniquely defined by the 9
parameters described in Section defining the resolution, compo-
nent, subband, bit-planes and spatial zone where the feature should
be evaluated. Thanks to the integral volume representation, this eval-
uation can be done at a very low cost.

e Integral volumes are computed before the training process but sam-
ples are extracted from these volumes during the training phase. Sam-
ples are indeed defined by two pairs of coordinates and feature eval-
uation on a sample is simply made by combining these coordinates
with the feature parameters (see Eq. to . One advantage
of this approach is that this very cheap sample generation procedure
allows us to renew or add samples whenever it is useful. In particular,
samples are easily renewed from one tree to the next one, which is
similar to a bagging process [8], without any additional cost.

Learning

During the learning phase, samples extracted from the training images
are associated with the class of their parent image and are then provided to
a machine learning algorithm that will build a sample classification model.
Any algorithm could be used here (Support Vector Machines, Neural Net-
works, ...) but as already mentioned, we choose to follow the approach of
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Marée et al. [7T1] and decide to use an ensemble of extremely randomized
trees [41] (Extra-Trees). This choice is motivated by the excellent classifica-
tion results obtained with such trees in consideration of the low complexity
of their building process.

An Extra-Tree differs from other decision tree by the way each node of
the tree is split. A split is defined by two variables:

e the feature f which will be evaluated in each sample in order to know
if this sample will go in the left or right child node,

e the threshold th defining the cut-point in the range of all possible
values for feature f. For a given sample s, if f(s) < th, then s goes
to the left child node, otherwise it goes to the right one.

In an Extra-Tree, these two variables are chosen completely at random,
i.e. f is randomly chosen among all available features and th is randomly
picked between the minimum and maximum values reached by feature f
among all samples in the node to be split. Then, the best split is chosen
among K random splits, according to a score measure based on the entropy
reduction brought by each split. Note that if K = 1, the tree is called totally
randomized tree as it is not based anymore on any score measure. Once
there are less than 7, samples in a node (or if all samples belong to the
same class), the node is not further split and is then considered as a leaf.
For a complete study of Extra-Trees (including a bias/variance analysis),
we invite the reader to refer to [41].
An ensemble of Extra-Trees is thus defined by three parameters:

e T: the number of trees

e K: the number of random splits among which the best one is chosen
when splitting a node.

® N,n: the minimum number of samples required in a node to initiate
a split.

In our work, we add a fourth parameter:

® Scmin: the score minimum to be reached by a split. In our imple-
mentation, splits are randomly picked until one of the two following
conditions is true:
1. The score Scpi, has been reached by a split.

2. The maximum number of splits K has been tried.
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Testing

During the test step, Nt samples are extracted from each image and
are propagated in the T trees. Each sample reaches a specific leaf in each
tree. A leaf [ from a tree t is characterized by a probability distribution
pe(ill) (1 =1,...,n.), the probability that a sample s reaching leaf | belongs
to the 7th class among n. classes. This distribution is simply obtained
by counting, for each class, the training samples reaching this leaf. Each
sample s from a test image k reaching a leaf [ from tree ¢ is then associated
with the corresponding leaf distribution:

pe(ilsk) = pe(ill) for i =1,...,nc

Once all Nesr samples from the test image k have been propagated in the T’
trees, we obtain a set I'y, = {sy} of observations on image k. The probability
p(i|T'x) that image k belongs to class i is given by

and the class ¢j, predicted for test image k is simply

cp =arg max p(cg|Tk)
ck€[Lne
If nnin = 2, the trees have been fully grown and each leaf is populated with
training samples from one and only one class. In this case, the aggregation
procedure is equal to a majority vote rule.

4.4.2 Experiments set-up
We propose in this section to assess the performances that can be
reached using the classification scheme described above.

Databases and protocols

Four databases have been used in these experiments. Except for the
PONCE dataset, the databases and experimental protocols used are the
same as in [71]. Datasets and protocols description is reproduced here for
completeness.
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1. PONCE

e Description: the Ponce Texture Databasd'} introduced in [52],
is a dataset of 640x480 grayscale images of 25 different textures
with 40 images per class (1000 images in total). An item from
each class is presented in Fig. Significant viewpoint changes
and scale differences are present within each class, and illumina-
tion conditions are uncontrolled. This database has been used
in our experiments to highlight the efficiency of wavelet-based
features when dealing with textures. It will again be used in Sec-
tion [£.5] to evaluate the performances of a cascade of JPEG 2000
classifiers.

e Protocol: the learning set is made of 39 images from each of
the 25 classes. The remaining 25 images compose the test set.
The final error rate is the average of 40 error rates, the ith rate
being obtained by using image i from each class for the test set.

2. ZUBUD

e Description: the ZuBud datasetﬂ [103] contains color images of
201 different buildings in Ziirich (see a few examples in Fig. .
Each building in the training set is represented with five 640x480
images (1005 images in total). The test set is made of 115 images
of size 320x240, covering a subset of the 201 different classes. The
two sets were taken by two different cameras, in different seasons
and under different weather conditions, leading to various illumi-
nation conditions. Partial occlusions and cluttered backgrounds,
as well as scale and orientation changes, are often present in the
images. Moreover, the test set is available as JPEG images while
the learning set uses the PNG format. As high frequencies are
not processed in the same way by JPEG and PNG, initial clas-
sification tests with this database were awful (about 80% error
rate). Features extracted from high-frequencies resolution levels
in the training set were indeed not representative at all of the
corresponding features in the test set. To circumvent this prob-
lem and enable a better classification, images from the training
set have been compressed beforehand using the JPEG algorithm
with the same targeted quality level than the one used in the test

"http:/ /www-cvr.ai.uiuc.edu/ponce_grp/data,/
2http://www.vision.ee.ethz.ch /showroom /zubud/index.en.html
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Figure 4.17: One texture sample from each of the 25 classes of the PONCE
database.
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set. This example showed us that as features used in our clas-
sification scheme depends on the way high frequencies are pro-
cessed, the initial format of the images should carefully be taken
into account when implementing a classification or retrieval ap-
plication.

e Protocol: as learning and test images are provided as separate
sets, there is no testing protocol to define.

;

M\m\'&n

Figure 4.18: & wviews from 8§ different buildings in Ziirich. The ZuBud
database contains 5 such views from 201 different buildings.

3. ETH-80

e Description: the cogvis ETH-80 datasetEl is targeted specifi-
cally to the task of object categorization. It is made of 3280
color images (256x256) divided in 8 distinct categories (apples,
pears, tomatoes, cows, dogs, horses, cups, cars). For each cat-
egory, 10 different objects are provided. Each object is repre-

"http://www.mis.informatik.tu-darmstadt.de/Research/Projects/categorization /eth80-
db.html
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sented with 41 different images from viewpoints equally spaced
over the upper viewing hemisphere (Fig. [4.19)).

e Protocol: the protocol used is the same as the one used by Leibe
and Schiele in [53], i.e. a leave-one-object-out cross-validation.
The learning set is made of all views of 79 objects (which means
a set of 3239 images) and the test is operated on all 41 views of
the remaining object. Results are averaged over all 80 possible
test objects.

4. COIL-100

e Description: the COIL-100 dataset [79] from the Columbia
Object Image Libraryﬂ is made of 7200 color 128x128 images.
There are 100 classes, each one representing a different 3D object
(Fig. . Each object is represented by 72 images at pose
intervals of 5 degrees.

e Protocol: two different protocols were used, like in [74]. Proto-
col 1 takes the pose at 0° of each object as the learning set (100
images in total) and the remaining images as the test set (7100
images). Protocol 2 takes 18 images of each object (two im-
ages of the same object being separated by 20°) as the learning
set (1800 images) and the remaining ones as the test set (5400
images).

JPEG 2000 parameters

All images from the databases are first encoded with the JPEG 2000
algorithm using the OpenJPEG libraryﬂ This algorithm has a lot of dif-
ferent options that can be specified when compressing an image. These
options influence the compression efficiency, the robustness to errors, the
encoder speed, etc. For our experiments, we decided to avoid using too
“fancy” options values as we wanted our system to be able too work with a
basic JPEG 2000 codec. Most important options used for the compression
are:

o Number of resolution levels: 4. This means 3 successive decomposi-
tions. For the COIL-100 database however, we specified only 2 de-

"http://wwwl.cs.columbia.edu/CAVE/databases/
20penJPEG is an open-source JPEG 2000 library developed and maintained in the
Communications Laboratory at UCL: http://www.openjpeg.org.
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Figure 4.19: Two objects from each of the 8 categories in the ETH-80
database: apple, car, cow, cup, dog, horse, pear and tomatoe.
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Figure 4.20: One sample from each of the 100 classes in the COIL-100
database. The remaining samples of a given class are other views of the
same object.
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compositions (3 levels) because the images were already quite small
(128x128).

e DWT filter: 5-3. This is the lossless filter bank provided in
JPEG 2000 part 1. Actually, all experiments described below have
been conducted with both 5-3 and 9-7 filter banks. However, no sig-
nificant difference could be highlighted concerning the achieved clas-
sification performances. We therefore conclude that this setting has
no significant impact and should be set according to other aspects,
like the need for a lossless compression (5-3) or a better compression
efficiency (9-7).

e Code-blocks size: 32x32. This is a common size for JPEG 2000 code-
blocks. In particular, this is the standard size required when com-
pressing images for the Digital Cinema industry.

e No quality layers. No target bit-rates (either intermediate or final)
were specified for the compression. This means that all data (i.e.,
all bit-planes) present in the original images were included in the
compressed code-streams. This choice has been made in order to
assess the influence of every bit-plane in a classification task. As a
result of this study, we will show that the last bit-planes could actually
be dropped as they have a smaller discriminant power.

Integral volume parameters

Once the images have been compressed, integral volumes are extracted
from the compressed code-streams and stored separately. We consider a
maximum number of bit-planes equal to 8. This means that if a wavelet
coefficient becomes significant in the i-th bit-plane (i > 8), it will be in-
cluded in the set of coefficients becoming significant in the 8-th bit-plane.
This exactly corresponds to Eq. where N is always taken equal to 8.
As mentioned in Sec. [£.2.T] positive and negative coefficients are differen-
tiated only in the LL-subband (which corresponds to the lowest resolution
level). In all other kind of subbands (LH, HL, or HH ), absolute values of
coefficients are considered. Moreover, integral volumes extracted from these
3 kinds of subbands and belonging to the same resolution level are merged
together by an averaging operation. It increases the rotation invariance
and reduces the amount of space needed to store the integral volumes.
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Classifier parameters

Eventually, integral volumes or pre-computed list of samples are pro-
vided to a program that builds an ensemble of random decision trees. As
our goal was not to do an extensive study to find the ultimate set of parame-
ters for each dataset, we tried several different settings and finally adopted
the following ones, as they prove to give sufficiently good results on all
datasets (see Section page for the meaning of these parameters):

o T =10,

e K =30,

® N,;n = 2, which means that the trees are fully grown,
e Scpin = 0.25.

During the learning phase, a total of 100000 samples are extracted from
the learning images while during the test phase, 100 samples are computed
in each test image to decide to which class this image belongs. We invite
the reader to refer to [41] for a deeper analysis of the influence of each of
these parameters.

4.4.3 Results and discussion

We present in this section the results of our experiments. Global error-
rates are first compared to other existing results. Then, as all features used
in our system do not contribute to the same extent to the classification
results, we propose an analysis of their discriminant power.

Comparison to other systems

To assess the accuracy that can be achieved with the proposed
JPEG 2000 classifier, we compare our performances to other results. In
particular, we focus on the system proposed by Marée et al. in [71]. Our
system is indeed directly inspired from their work and mainly differs in
the fact that features are extracted from a compressed code-stream and
not from the pixel-domain. Consequently, the comparison to such system
should give us a good indication on the analysis capacity that JPEG 2000
can offer in a classification task.

There are 5 different experiments: 4 databases including 2 different
protocols for the COIL-100 dataset. For each of these 5 experiments, we
compare 3 systems:
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1. Raw-RSw-EzTr: this is the classification scheme described in [71].
Random subwindows (“RSw”) are extracted from the uncompressed
images (“Raw” images), rescaled to a size of 16x16, and used to build
an ensemble of Extremely Randomized Trees (“Ex.Tr.”). In case of
color images, subwindows are also converted from RGB to another
color space. In [71], authors chose the HSV color space as it proved
to be more robust to illumination changes than RGB. In addition to
HSV, we also consider the YCbCr color space in our work. This color
space is the one to which color components are converted during a
JPEG 2000 compression, just before applying the Discrete Wavelet
Transform. By using this color space, this system is closer to our
scheme and the comparison between both systems is more relevant.
Indeed, we are able to truly compare the efficiency of two different
kinds of features set: the features corresponding to average values
in the pixel domain (like in [71]) and the ones corresponding to his-
togram bin values in the wavelet domain (like in our system). The
classifier parameters are the same as those described above and ran-
dom subwindows are extracted in the same way samples from integral
volumes are.

2. J2K-IVol-ExTr: this is the proposed classification scheme. It starts
from the JPEG 2000 code-streams (“J2K”) from which it extracts In-
tegral Volumes (“IVol”) before building Extra-Trees. Settings used
are the ones presented in the previous Section.

3. Others: this refers to the range of other results found in the literature
that follow the same evaluation protocols. In each case, the paper
corresponding to the lowest bound of this range is indicated. Note
that there is no such other result for the PONCE database.

Table shows the error rates achieved by each of these systems, according
to the protocols described in previous section.
Several interesting aspects of these results can be pointed out.

e The performances achieved by our system are always close from the
best result found in the literature. This shows that a JPEG 2000
framework, beside its compression purpose, is well suited to perform
classification operations.

e Except for the first protocol of the COIL-100 dataset, the results ob-
tained with the proposed classifier are always equal or better than
n [71]. This tends to prove the higher discriminant power of wavelet
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Table 4.1: Classification error rates achieved by the system described in [71]
(Raw-RSw-ExTr) and by our system (J2K-1Vol-ExTr). The range of other
results found in the literature is indicated in the last column. The citation
refers to the best other result.

Raw-RSw-ExTr J2K Others
HSV \ YCbCr | IVol-ExTr
PONCE 45.20% 11.20% -
ZUBUD 5.22% 4.35% 4.35% 59%-0% [74]

ETH-80 29.09% | 27.90% | 19.02% | 35.2%-13.6% [53]
COIL-100 (1) | 14.55% | 15.01% | 22.51% | 50.1%-24% [74]
COIL-100 (2) | 0.0033% | 0.0024% | 0.0017% | 12.5%-0.001% [74]

histogram bins compared to averaged pixel values. In particular,
the error-rates obtained for the PONCE dataset underline the much
higher ability of the proposed JPEG 2000 classifier to discriminate
textures.

e The result obtained for the first protocol of the COIL-100 dataset
illustrates the lack of robustness of the proposed classifier in presence
of viewpoint changes, compared to [71]. Figshows the error rates
achieved depending on the viewpoint from which the picture of the
object is taken (let us remind that in this protocol, learning has been
done on one image per class, corresponding to the viewpoint located
at 0°). As we see, wavelet histogram bins are more sensitive to a
viewpoint change than average pixel values. This should be further
studied, for example by investigating a more efficient way to combine
integral volumes from different subbands.

e Among the results for the “Raw-RSw-ExTr” system, no significant
trend could be observed that would urge us to choose between HSV
or YCbCr transformation. YCbCr is slightly better for ZUBUD and
ETH-80 while HSV performs better with the COIL-100 dataset. Fur-
ther investigation would be needed to better understand the influence
of the color transformation. However, we can at least conclude that
both transformations give good and similar results.
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Figure 4.21: Error rates depending on the wviewpoint for the COIL-100
dataset. Learning has been done on the view at 0° of each object. The
proposed JPEG 2000 classifier is more sensitive to a viewpoint change than
the classifier based on rescaled random subwindows in the pizel domain.
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Feature discriminant power comparison

All features used in our system do not contribute to the same extent
to the image classification task. Starting from this observation, we want to
analyze how the discriminant power of a feature depends on the resolution,
component or bit-plane involved in the feature computation and see if the
observed trends do depend on the kind of images processed or not.

To do so, we build an ensemble of totally randomized trees for each
dataset. This means that each split is picked totally at random (K=1). As
the feature and threshold chosen in each node is totally random, we assume
that the average score reached by the nodes using a certain kind of feature
is representative of the discriminant power of this kind of feature.

Three global trends have been observed, whatever the dataset. The
two first ones are presented in Figure In this figure, the nodes have
been partitioned in 9 subsets. The first one corresponds to all nodes for
which the number of entropy-coded bytes is used as the feature (“header”).
The ith one (i = 2,...,9) corresponds to all nodes whose feature is the
number of new significant coefficients in bit-plane i. The figure compares
the normalized average score reached by each of these subsets. “Normalized”
means that for each dataset, the highest score has received the value of 1
and the score of the other subsets have been scaled accordingly. The results
have then been averaged over all datasets but it should be noted that the
same behavior was observed for each of them. Without surprise, we observe
that

1. header information is less discriminant than features based on wavelet
coeflicients histogram bins,

2. the more significant the bit-plane, the more efficient features extracted
from it will be.

The third trend concerns the color components. Figure shows the av-
erage score reached by Cb and Cr components for each resolution level. In
this graph, » = 1 corresponds to the lowest level (L L-subband). All (color)
datasets have the same behavior, that has been averaged and normalized in
the figure. As we see, high frequencies from these components are less dis-
criminant than the corresponding low frequencies. Assuming that classes
are differentiated through human visual criteria, this observation is con-
sistent with the experiments done on the Human Visual System (HVS).
The HVS has a differential sensitivity to spatial frequencies ( [112], page
628), this sensitivity being much lower for high frequencies from Cb and Cr
components.
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Normalized average score

Header 8thBP 7thBP 6thBP 5thBP 4thBP 3rdBP 2ndBP 1stBP

Figure 4.22: Comparison of normalized average scores for the header in-
formation and successive bit-planes. Scores have been computed on totally
randomaized trees.
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Figure 4.23: Comparison of normalized average scores reached by color
components in successive resolution levels. High frequencies (HL, LH, HH
subbands are less discriminant than low frequencies (LL subband).
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Concerning the Y component, the LL-subband is generally also a bit
more discriminant but differences are smaller and this is not the case of all
datasets (ETH-80, for example, has on average a luminance component that
is more discriminant in the high frequencies). It should also be noted that
among LIL-subbands of color datasets, the Cb and Cr components reach
always an higher score than the luminance. This proves, for the considered
classification tasks, the importance of the color information to discriminate
classes. However, it cannot be seen as a global trend as we could easily
imagine a classification task of color images that does not take into account
this color information.

An important remark to be done is that the higher average score reached
by a feature f; compared to a feature fo does not mean that feature fs is
useless in the classification task or that we could reach the same overall
performance by considering only feature f;. The different kinds of feature
are complementary, as they discriminate different aspects of the image.
This has been shown in Section the classification accuracy increases
as more resolution levels and bit-planes are considered.

However, such higher score indicates which features will statistically
give the best splits in a tree. And the results of this analysis confirm us
that JPEG 2000, while designed for compression purpose, is also well suited
for a classification task. The least discriminant bit-planes have indeed the
highest extraction cost. Concerning color components, the lower discrimi-
nance of their high frequencies could be taken into account when designing
a cascade of classifiers, by keeping these features for a latter stage, when
the amount of potential zones of interest is smaller.

4.4.4 Conclusion

We introduced in this Section an image classifier that uses the JPEG 2000
integral volumes presented in Section This classification is not only
based on textures, but also on the color information. Moreover, it exploits
the spatial localization of textures or colors inside each sample.

The results obtained with this classifier for several different datasets
are in the same range or even better than other systems found in the lit-
erature. In particular, compared to [71] whose classification mechanism
has been reused in our work, it performs far better for grayscale texture
recognition. This underlines the suitability of JPEG 2000 features for such
images. On the other hand, a lack of robustness to orientation changes has
been identified: further research will investigate how to solve this problem.

Initially, we gave us the constraint to stay in a JPEG 2000 framework in
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order to avoid heavy transcoding operations, speed up image handling, and
exploit the algorithm scalability. Based on the results obtained that demon-
strate the JPEG 2000 analysis ability, this constraint actually appears to
be also an advantage in terms of classification performance.

The goal of this Section was thus to show the potential efficiency of
features extracted from JPEG 2000 code-streams. However, this kind of
classifier is not optimal at all, as we considered that all these features were
directly available (i.e. features from all bit-planes and resolution levels).
It does not exploit the inherent JPEG 2000 scalability and therefore im-
plies a partial decompression of all images (until getting complete wavelet
coefficients).

In the next Section, we propose an image retrieval system based on
the above-described classifier but using also this scalability, so as to limit
as much as possible the amount of information that has to be partially
decompressed.

4.5 A cascade of image classifiers

In this Section, we -finally- address the problem of image retrieval. The
basic formulation of this problem is always the same: based on a query
submitted by a user, we want to retrieve in an image database all the
samples that match the criteria specified in the query. In this work, we
focus on example-based image retrieval: the query is made of one or more
zones of interest selected by the user and the goal is to retrieve similar
zones.

This example-based image retrieval problem can be seen as a particular
case of the classification task envisioned in the previous section. Three
additional hypotheses are set:

1. There are only two different classes, respectively containing the nega-
tive and positive samples. The latter ones should be returned by the
system and presented to the user.

2. There are much more negative samples than positive ones: such image
retrieval process is therefore equivalent to a rare event detection. As
we shall see, by cascading classifiers, we precisely take into account
this class asymmetry.

3. The amount of positive learning data is small, as it is usually limited
to the samples provided by the user. On the contrary, once the “image
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retriever” has been built based on the learning data, the amount of
data to mine is huge: it corresponds to the remainder of the images in
the database. Consequently, techniques able to speed up this retrieval
step are of great interest in such application.

This last hypothesis shows one of the main challenges of an image re-
trieval system: maximize the results accuracy while minimizing the com-
putational load. Assuming that most images are (or will be) stored in
a compressed format, meeting this challenge implies to avoid heavy de-
compression procedures while digging inside image content. Investigating
compressed image retrieval techniques makes therefore a lot of sense.

Beside an excellent compression efficiency, JPEG 2000 proves to be also
well suited for such compressed image retrieval. Indeed:

e as shown in previous section, features that one can extract from a
JPEG 2000 code-stream are discriminant in a variety of classification
tasks,

e the various scalability levels inherently present in the algorithm al-
low to control and limit the amount of information that has to be
processed.

In the remainder of the Section, we detail the cascade of JPEG 2000
classifiers that we propose as image retrieval system (4.5.1)). Then, experi-
ments are set up : the PONCE texture database is used to validate
our approach. Finally, results are presented and discussed .

4.5.1 Method
Overview

As mentioned above, in an image retrieval task, there is a lot of data to
mine and most of this data is negative. Rather than trying to find directly
the few positive events in this ocean of negative items, a natural idea that
comes up is to first try to reject the most obvious negative samples. Indeed,
given the unbalanced repartition of samples, this first step is usually much
easier than trying to find positive samples. After this first step, we are
left with our positive samples disseminated in a much smaller amount of
negative ones. Of course, this subset of samples is harder to discriminate
but as it is much smaller, we can afford to spend more computational load
on each of its samples.
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This simple idea has lead to the cascade of classifiers concept. As shown
in Fig. [£.24] a cascade of classifiers is made of a succession of stages, each
of them being fed by the samples identified as positive by the previous
stage. The first stage is a simple classifier able to rapidly scan the whole
set of test samples and decide if each of them is surely negative or might
be positive. The positive candidates are provided to a second stage during
which a more accurate classifier will do the same job as in the first stage,
and so on until the last stage is reached. Samples having reached this last
stage and labeled as positive by the last classifier are considered as the final
positive samples the user is looking for.

All
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L ————J
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D
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Figure 4.24: A cascade of classifiers. Fach stage tries to reject as many
negative samples as possible.

The goal of an image retrieval system is to maximize the detection rate
(i.e. maximize the number of positive samples that are identified as such
by the system) and minimize the false positive rate (the number of negative
samples identified as positive by the system). A cascade framework allows
to relax one of the objectives on each stage: each classifier has still to
achieve the highest possible detection rate (if a positive sample is rejected,
it is lost), but it can afford a moderate false positive rate (if a negative
sample is accepted, next stages still have the opportunity to reject it). The
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succession of stages will then guarantee a small global false positive rate
(by multiplying the succession of moderate intermediate false positive rate).
Given the highly unbalanced distribution of negative and positive samples,
the stage objectives described above are much easier to achieve: a cascade
is therefore well suited for such problem as it takes into account the class
asymmetry.

The proposed system follows the general concept detailed above and in-
tegrates it in a JPEG 2000 framework. As explained in Chapter 2], the reso-
lution and SNR scalability levels present in JPEG 2000 allow for a progres-
sive decoding of a compressed image. This characteristic can be adequately
exploited in a cascade of classifiers. Successive stages of our JPEG 2000
cascade will be based on an increasing amount of data extracted from the
code-streams, beginning with the most easily accessible information. The
first stages will perform a coarse classification, based on the header in-
formation extracted from one or several resolution levels. This first step,
while not very accurate, is very cheap in terms of computation load as no
entropy-decoding operation is required. Then, the next stages will focus
on the remaining positive candidates and extract their most significant bit-
planes (from one or several resolution levels). This additional information
provides a coarse approximation of wavelet coefficients and allows to fur-
ther discriminate the remaining samples using wavelet-based features. This
second step is more accurate than the first one but is obviously also a bit
heavier as a few bit-planes have to be entropy-decoded. Finally, the last
stages will focus on the very best positive candidates and will try to reject
those negative samples that are the most similar to positive ones. To do
so, more (or even all) bit-planes of these positive candidates are decoded
so as to obtain a very fine approximation of their wavelet coefficients and
achieve an accurate classification. As we see, the proposed system uses a
true coarse-to-fine approach: for a given sample, the amount of data
that will need to be extracted (and entropy-decoded) is directly related to
the relevance of this sample in the retrieval process.

An important point to note about the proposed JPEG 2000 cascade
is the increasing discriminant power of features used in successive stages.
Indeed, most other cascade systems use the same set of features to generate
the succession of classifiers (see “Related Work” below). In this latter case,
the higher accuracy of classifiers comes only from a harder training set. In
our proposal, we not only provide harder samples to a classifier but also
better tools to discriminate them. Figure illustrates this increasing
discriminant power. It shows the average number of splits required by a



130 Chapter 4. Compressed Image Retrieval

totally randomized tree to perfectly classify a given set of samples. For
our experiment, we used 14 000 samples from the PONCE database, 4000
from the brick class (considered as the positive class) and 10000 from the
remaining classes. The four results given correspond to four different sets
of trees, each of them built with a different feature set. The first one uses
only header information from the lowest resolution level (LL-subband).
The second one uses header information from all levels. The third one is
based on header information and the 3 most significant bit-planes. The last
one uses all the extractable information: headers and all bit-planes. As we
see, for a given set of samples, a richer feature set manages to perform
the classification quicker. It should be noted that this analysis is not in
contradiction with the one based on Fig. Successive bit-planes bring
a decreasing amount of valuable information but nevertheless improve the
classification performance.

10000

Average number of splits

feat. set 1 feat. set 2 feat. set 3 feat. set 4

Figure 4.25: Awverage number of splits to perform a perfect classification,
depending on the feature set used. (1) Headers from LL-subband ; (2)
Headers from all resolution levels ; (3) Headers and 3 most significant bit-
planes ; (4) Headers and all bit-planes.

Of course, using richer features implies an higher extraction cost. To
take this into account, and to achieve the best performance while mini-
mizing the computational load, we propose to include the cost in the as-
sessment of the cascade performance. This evaluation occurs during the
optimization step that tries to find the best threshold for each stage. By
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doing so, we are able to tune our system to target a specific trade-off be-
tween accuracy and complexity.

Practically, our image retrieval system is obtained in two successive
steps: building and optimization. The initial learning set is divided in
two subsets. The first one is used during the first step to learn several
ensembles of random decision trees (one ensemble for each stage of the
cascade). Once stages have been built, the second subset is used to find the
best set of thresholds to achieve a given trade-off between performance and
computation cost. The principle of this post-learning cost-performance
optimization might be compared to the rate-distortion optimization that
occurs after the entropy-encoding step in the JPEG 2000 algorithm. Once
the cascade has been built and optimized, it can eventually be used to scan
a test set.

In the rest of the section, after having reviewed the related work found
in the literature, the 3 phases of our system are detailed: building, opti-
mization and scanning.

Related work

As a cascaded detection process is essentially that of a degenerate deci-
sion tree, it is obviously related to the literature on decision trees, that has
been briefly introduced in Section [£.4.1] In particular, the work of Amit
and Geman [2] proposed to use randomized trees that focus on areas charac-
terized by the co-occurence of certain given features. By doing so, it avoids
having to run the full detection process at all image locations and scales.
At the same period, Rowley et al. [97] applied a notion similar to a cascade
of detectors to the face detection application. They used one simple neural
network to select the best candidates to feed a second, more complex, neu-
ral network, which is equivalent to a 2-stages cascade. Fleuret and Geman
proposed in [35] a chain of tests based on disjunctions of fine scale edges
to retrieve faces at a particular scale and location. Shortly after, Viola
and Jones published their seminal work for robust real-time object detec-
tion [I18,[119]. It consists in a cascade of boosted classifiers based on simple
rectangle features. These features are extracted from integral images, that
inspired the integral volumes proposed in the present work. Each stage is a
weighted sum of single-feature-thresholding classifiers, trained through an
AdaBoost process.

Since their work, a lot of improvements or variants have been pro-
posed. Many of them explored alternative boosting algorithms that increase
the performances of node training. This includes FloatBoost [56], Gentle-
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Boost [59], Kullback-Leibler Boost [61], or AsymBoost [117]. In addition to
this, [121] proposed a forward feature selection process that drastically re-
duces the amount of time required for the learning phase (weeks of training
were needed in the initial system proposed by Viola and Jones). In a more
recent work [10], Brubaker et al. questioned the relevance of single-feature-
thresholding classifier and showed that the overall performance could bene-
fit from stronger weak classifiers like CART (Classification And Regression
Trees). In our work, we push this idea one step further by using an ensem-
ble of random decision trees. Such random decision tree is also a stronger
weak classifier than thresholding on a single feature but is also much easier
and faster to build than a classic CART. Moreover, in our implementation,
we did not consider any heavy boosting algorithm, which further reduces
the complexity of the learning phase.

Concerning the JPEG 2000 framework, the principle of jointly consid-
ering a cascade detection process and a progressive JPEG 2000 content
extraction has been introduced in our preliminary work [22]. Beside this
contribution, to the best of our knowledge, only [51] suggests to exploit
the JPEG 2000 scalability levels in a recognition task but authors did not
envision a true coarse-to-fine approach made of several successive stages.

Schneiderman suggested in [I01] that successive stages should use in-
creasingly discriminant feature sets, at the cost of an increasing extraction
complexity. This trade-off between complexity and performance has been
formalized in a recent past. Hence, simultaneously to the work in [5], we
have proposed in [22] to incorporate the feature extraction cost in the global
cascade evaluation.

Finally, several recent papers have been written about the global cas-
cade optimization [10) [32] [64]. In their initial paper, Viola and Jones did
not deeply investigate this aspect. They suggested, for a given global de-
tection rate D and a global false positive rate F', to train each of the n
stages with individual local objectives equal to the n-th root of D and F'.
However, ideally, the best cascade will be obtained through a global trade-
off between the number of stages, the thresholds used, and the kind and
number of features involved. Such trade-off is obviously very difficult to
obtain. In [I0] and [32], the proposed optimization algorithms are tightly
coupled with the training phase. This allows to get very close from a global
optimal solution as training and optimization are mutually updating each
other. However, it comes at a price of a high computational cost as train-
ing operations are included in optimizing loops and must be repeated many
times. In [64] and in the system proposed in this work, the best thresh-
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olds are found in a separate process, after the cascade design. As the final
adopted thresholds are not necessarily the ones used for training, it obvi-
ously implies a suboptimality, but not sufficiently important to justify a
huge increase in computational load.

Building the cascade of classifiers

During the building phase, a cascade of classifiers is generated, based
on a given learning set. In our approach, we fix a priori the number K of
stages, together with the part of the JPEG 2000 code-streams that will be
available in each stage.

For each stage, an ensemble of random decision trees is learned. This
process is the same as the one described in Section [£.4] with the noticeable
restriction that the number of classes is always 2. The learning set used
to generate each stage is thus made of positive and negative samples. The
set of ny positive samples is the same in each stage while the n_ negative
samples change from one stage to the other. They are extracted from a pool
of negative images, a different pool being used for each stage. Moreover,
samples extracted from the negative pool dedicated to stage k are used in
this stage only if they successfully passed stages 1 to kK — 1. In this way,
successive stages are trained with increasingly difficult learning sets.

This negative samples selection process implies to choose a set Tjcqrn
of learning thresholds. The testing procedure is done in the following way.
Each tree of a stage has a certain amount of leafs, each of them being
characterized by a class distributiorﬂ For a given sample s that we want
to test in stage k, the distribution of the leaf reached by the sample in each
tree is aggregated over all trees, leading to a global confidence measure Cs .
for this sample:

Cs 1, = Pr (s positive, according to stage k)

Each stage k is associated with a threshold T}, and if C > T}, sample s
is forwarded to stage k + 1. Otherwise it is rejected.

Optimization

Once the cascade has been built, the optimization phase aims at find-
ing the set T, of K thresholds that will lead to the best computation-
performance trade-offs. To do so, we use an optimization set, different from

'In case of fully grown trees, the two probability values of this class distribution are
1 and 0.



134 Chapter 4. Compressed Image Retrieval

the samples used to build the cascade (the learning set), and of course also
different from the samples that will be used to assess the final cascade (the
test set). However, in the perspective of an online retrieval system, the
amount of available labeled samples is likely to be small as they are man-
ually provided by the user. If they are further divided in a learning and a
optimization sets, performances could significantly decrease. A solution to
this could be to use the two distinct sets to compute optimized thresholds,
and then to learn the final cascade with the whole set of labeled samples.

For a given set of thresholds Ty, the performances of a cascade are
evaluated according to its classification error and to its cost in terms of
computational load.

The classification error is measured by two values, namely the precision
and the recall. Compared to the more common detection rate and false
positive rate leading to the classical ROC curve, precision and recall are
defined in the following way:

TP

fecall = 7p L PN

Precision L

TP+ FP’

Detection rate = L
TP+ FN’
False positive rate = L
TN+ FP

where TP, FP, TN and FN are respectively the number of True Positive,
False Positive, True Negative and False Negative samples. Precision and
recall are preferred to the classical ROC curve because these measures are
more suited for highly skewed datasets, as explained in [I5]. For a given
set of thresholds T, leading to Precision P and Recall R, the global clas-
sification error F is then given by

E(Tom) =1- [)‘prec-P(Toz)t) + (1 - ApreC)-R(TOPt)] (4~14)

where \pc is fixed a priori and represents the relative importance of the
precision compared to the recall (0 < A\pree < 1). E(Top) is a value com-
prised between 0 and 1, a better cascade leading to a value closer to 0.
The computational cost measures the fraction of bits that need to be
entropically decoded to make a decision on all samples. A cost C(Top) = 1
means that all bit-planes from all resolutions levels of all samples have to be
decoded. For the sake of simplicity, the cost of header information extrac-
tion is considered equal to the cost of decoding one bit-plane. Practically,
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the cost computation is done in the following way: for each stage k, a cost
factor ¢ is computed. This coefficient represents the portion of a sample
that will have to be decoded if it reaches stage k. It takes into account
the number of resolution levels (and their respective size), subbands, com-
ponents and bit-planes that are involved in stage k. As these numbers are
fixed a priori when designing a cascade, the ¢ coefficients are constant
values for a given cascade. For example, a stage k that uses header infor-
mation and the 2 most significant bit-planes out of 8, from all resolution
levels, subbands and components will be given a cost factor ¢ = g = 0.333.
The global cost is then given by

C(Topt) = > ny.(ck — cxr) (4.15)

ke[1,K], Topt >0

where ny, is the number of samples that enter stage k (k = 1,..., K) and £’
refers to the closest previous stage with a threshold > 0 (¢ = 0 if there
is no such stage). The dependency on the set of thresholds T, comes
obviously from the fact that a threshold change will change the ng’s. It
should be noted that Eq. assumes that each stage will at least re-use
the data already decoded in previous stages. Moreover, for a given stage
k, if T, 1. is taken equal to 0, this stage is considered to be skipped by the
classification process and no cost is counted for this step. The number of
stages defined in the building step is therefore only a maximum value as the
optimization step could realize that better performances can be obtained
by skipping some of these stages.

Based on Eq. and the global cascade inefficiency for a given
set of thresholds T, is measured by the following expression

I(Topt) = (1 )\cost)-E(Topt) + )\COSt'C(Topt) (4.16)
= (1 - )‘cost)- (1 - (ApTec-P(TOpt) + (1 - )\pTeC)~R(Topt)))
+)\cost-C(Topt)

where A.os is fixed a priori and represents the relative importance of the
computational cost compared to the classification error (0 < Agpsr < 1).
Consequently, the cascade optimization process consists in finding a set of
thresholds Ty, such that

T, = argmin I(Top) (4.17)

Topt€R(§ )

Equation shows that the optimization process is influenced by two
parameters: Aprec and Acos, that balance the relative importance of cost,
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precision and recall in Eq. Although we did consider in our work
that those two parameters are set a priori, it should be noted that the
adopted formulation could be used in a lagrange-multiplier approach to
solve a constrained optimization problem such as “Maximize the detection
rate under the constraints of a limited amount of false positive samples and
a bounded cost”.

The optimization problem can be solved with an iterative algo-
rithm. As shown in Algorithm each iteration is made of K steps:
during step k, the algorithm seeks the threshold for stage k that will give
the lowest inefficiency I, while all other thresholds are fixed to their “up-
to-this-point best” value. The number of iteration is limited by an upper
bound maxiter but can be smaller if the global performance gain between
two successive iterations is smaller than a given Agp. The initial set of
thresholds is taken equal to the set used for learning:

Tg;’;,t - Tlearn-

The procedure COMPUTE_INEFFICIENCY computes Equation [£.16] based on
given values of A\j.ec and Acost, and on the set of thresholds T,y to be
tested. It should be noted that this procedure can be executed very fast.
Indeed, as the cascade has already been designed in the learning phase,
we begin the optimization phase by testing all samples in all stages. By
doing so, we obtain, for each sample and a given stage k, the confidence
measure that this sample is positive, according to stage k. Then, the Com-
PUTE_INEFFICIENCY procedure can be executed very fast as it consists only
in thresholding operations on pre-computed values.

Scanning

Once the cascade has been designed (building step) and the best set
of thresholds Tj, has been found (optimization step), the image retrieval
system can be tested on a test set to assess its real performance. The
test set is made of unlabeled positive and negative samples. The per-
formances achieved by the cascade (i.e. the precision, recall, and cost
achieved) are simply obtained through a procedure similar to the CoM-
PUTE_INEFFICIENCY procedure mentioned in Algorithm

The generation of these test samples can be done in different ways.
As explained below, in our experiments, we randomly generated samples
from a pool of negative and positive test images. However, in more realis-
tic conditions, these samples are progressively generated during a scanning
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Algorithm 4.1: FIND_BEST_THRESHOLDS

Require: 0 < Apee <1, 0 < Aot < 1
Tapt <~ Tlearn
I <=COMPUTE_INEFFICIENCY (T opt, Aprec, Acost)
I'<1
Topt = Topt
A[ <=1
n<1
while A; > Agop & n < maxiter do
Lastl < I*
for k =1 to K do
for t = 0 to 1 with step Ar do
Topt(k) =t
I <=COMPUTE_INEFFICIENCY (Topt, Aprec; Acost)
if I < I* then
I'<1I
Topt = Topt
end if
end for
Topt = Top
end for
Ay < I* — Last]
n<n+1
end while

*
return T¢,
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procedure that analyses all images from a test database, at different loca-
tions and scales. The implementation of this scanning procedure is part of
our future work but we would like to underline the adequacy of such pro-
cedure with the integral volume representation introduced earlier in this
chapter. As already explained, integral volumes can be generated progres-
sively, as the JPEG 2000 image is decoded. Moreover, samples of any size
can be very easily extracted from such volume at any location. This is
particularly useful in a cascaded scanning procedure:

e For a given stage k, integral volume of each image will be progressively
generated until features used in stage k are available. It will of course
re-use the integral volume used in stage k — 1.

e Whatever the scanning strategy, samples are easily extracted from
the integral volume and no rescaling operation is needed as feature
values are normalized.

e When going from stage k to stage k 4 1, a certain amount of images
areas are rejected and the integral volume has to be updated only for
those areas containing samples that were labeled as positive in stage
k. This can be done in at least two ways:

1. We keep managing a single integral volume for the image, and
the additional data that would have to be decoded for the re-
jected areas is simply replaced by zeros.

2. As positive samples are likely to overlap each other, clusters of
positive samples can be formed. The bounding box of each of
these clusters can be considered as a new independent integral
volume and new samples can be extracted from it in stage k+ 1.

4.5.2 Experiments set-up

To assess the performances of the image retrieval system described
above, we have conducted some experiments. The database used is the
PONCE texture database. The main objective is to design a cascade of
classifiers able to retrieve samples belonging to a given class ¢* among all
samples belonging to other classes. Based on the 25 different classes from
the original database, we therefore define two image categories:

¢+ = {images € c*}

c_ = {images ¢ c*}
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By doing so, we fulfill the two first hypotheses of our problem (p.[126)): two
classes with a highly unbalanced distribution between positive and negative
samples. Different choices of positive class ¢* have been tested but we only
present here results obtained for class ¢* = 25 (“Fabric”) because achieved
performances are representative of the average performance reached with
other classes. JPEG 2000 parameters and integral volume parameters are
the same as the ones used in Section [£.4]

We arbitrarily fixed the number of stages in the cascade to 3, each
having access to an increasing amount of data compared to the previous
one:

1. The first stage uses only header information, from all resolution levels.

2. In addition to header information, the second stage has access to the
3 most significant bit-planes of each resolution level.

3. Eventually, the last stage computes features based on all information:
header information and complete decoded wavelet coefficients.

As explained above, each stage is an ensemble of random decision trees.
Following settings were used:

e T =50,
e K =30,
® 7in = 2, which means that the trees are fully grown,
e Scin = 0.25.
During optimization, we used following values for the parameters:
® Asiop =0
e maxiter = 100
e A =0.02

Concerning the samples sets, the database has first been divided in 3
parts: on the 40 images of each of the 25 classes, the first 13 were put in
the learning set, the following 13 in the optimization set and the last 14 in
the test set.

For the learning phase, 4000 positive samples and 10 000 negative ones
are used to train each stage. The 4000 positive samples are extracted
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from the 13 positive images and the same set is used to train all stages.
Concerning negative samples, the 13x24 = 312 negative images are divided
in 3 non-equal sets, the ith set being approximately 2 times bigger than the
(¢ — 1)th one. From the first set, 10000 samples are extracted to train the
first stage. From the second set, samples are extracted until 10000 have
passed the first stage and can be used to train the second one. And the
same process is made with the third set except that samples have to pass
the two first stages.

For the optimization and test sets, 4000 positive samples and 10000
negatives ones are simply extracted from the corresponding images and used
to optimize and then validate the cascade. It should be noted that unlike
the JPEG 2000 image classification experiments presented in Section [4.4
samples are considered independently and are not aggregated in a majority
vote rule to make a decision on the image they belong to.

4.5.3 Results and discussion

Once the cascade has been built and the thresholds optimized for a
given pair of (Aprec, Acost) (0r, equivalently, for a given set of constraints
on cost and precision), the test set is used to analyze the performances.
Figure compares various Precision-Recall curves. Each curve corre-
sponds to a certain upper bound on the global cascade cost, as indicated in
the legend. Points belonging to the same given curve are operating points,
each fulfilling the cost constraint and corresponding to a certain trade-off
between precision and recall (i.e. a certain Ayye. value). This trade-off will
be set according to the considered application, depending on the relative
importance of false-positive error compared to false-negative error.

The last curve indicated in the legend of Figure is the one corre-
sponding to a single JPEG 2000 classifier (no cascade). In this case, the
classifier is trained on the whole learning set and with all features directly
available. As it can directly use features from any bit-plane, the global cost
is de facto equal to 1. Optimization therefore only consists in finding the
best trade-off between precision and recall, for a given Ap.... Each such
trade-off corresponds to an operating point on the curve.

Although not mentioned on the graph, it should be noted that curves
corresponding to cost-targets greater than 0.6 superimpose with the “cost <
0.6” one. Non-convexity observed at some places on the curves is due to
the fact that thresholds for these operating points have been computed on
the optimization set while results are given here for the test set.

Based on the curves from Fig. [4.26] several observations can be made
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Figure 4.26: Precision-recall curves, depending on a targeted cost. “Preci-
ston” is the ratio of true positives among all samples declared as positive.
“Recall” is the ratio of true positives among all positive samples initially in
the set. Database used is the PONCE texture database, positive class is the
T25 class (Fabric), all other classes belong to the negative class. Compari-
son is made with a classification process without cascade (1 stage, cost=1).
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about the performances obtained with our cascade, compared to a conven-
tional single classifier approach.

Cost benefit

First of all, from a cost point of view, the benefit of the cascade is clear:
the curve targeting a cost < 0.6 is already very close from the one obtained
without any cascade and for which the cost is 1. This is made possible
thanks to the first stages that avoid many negative samples from being
further decoded. To illustrate this, we show in Table the contribution
of each stage to the classification process for a given operating point on the
“cost < 0.6” curve. As we see, after the first stage, 25% of negative samples
have been rejected and after the second stage, 87% have been discarded.
Only a few negatve samples will therefore be entirely decoded.

Table 4.2: Effect of each stage in a classification process. The analyzed
operating point is the one given by the optimization step with A\prec = 0.56
and a mazximum global cost equal to 0.6. The total number of samples is
14084, with 4004 positive samples and 10080 negative ones.

Stage 1 | Stage 2 | Stage 3 | Cascade

Entering samples 14084 11615 5167 14084
True positives 3985 3884 3523 3523
False positives 7630 1323 463 463
True negatives 2450 6 307 860 9617
False negatives 19 141 321 481
True pos. rate (%) 99.53 96.46 91.65 87.99
False pos. rate (%) 75.69 17.34 35.00 4.59
Decoded bits ratio (%) | 11.11 27.49 20.38 58.98

Stage skipping triggered by the optimization step

Another observation is that on each curve (and particularly on “cost <
0.2” and “cost < 0.3”), we observe several “clusters” of operating points.
Such cluster corresponds to some Ayre. values for which the optimization
algorithm has decided to use only some of the available stages, as indicated
on the figure. This is further illustrated in Fig. for a given cost
constraint, the global precision-recall curve is the convex-hull of 3 different
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curves, each corresponding to the use of a given subset of stages in the
cascade. As we see, depending on the cost constraint and the importance
of precision compared to recall (i.e. the value of A\,.¢c), it might be more
efficient to use only 1 or 2 out of the 3 stages.
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Figure 4.27: Global precision-recall curve as the convex-hull of several dif-
ferent ones, each based on a fired number of stages.

Better precision at low or moderate recall values

An interesting point to observe on Figure[4.26|is the better performances
obtained by the cascade for moderate recall values (i.e. detection rates):
when the cost-target is not too low (0.6 for instance), the cascade leads to a
better precision than the single classifier, for recall values up to 0.83. This
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can be explained by the following arguments. When using a cascade, the
whole classification problem is split in several successive smaller problems.
This succession of sub-problems will focus on increasingly difficult samples.
Although not identical, this operation is conceptually similar to a boosting
process [37] in which a classifier will be progressively forced to give more
importance to ambiguous samples. It leads to stronger classifiers and ex-
plains that, as long as targeted detection rates are not too high, the cascade
outperforms a single classifier that has to directly classify the whole set of
samples with a single ensemble of independent random decision treesﬂ

When targeted detection rates increase, each stage of the cascade will
have to guarantee a very small amount of false negative errors. To explain
the cascade behavior in such context, let us remind that unlike the cascade
proposed by Viola and Jones in [I19], the set of features used in our case
is increasingly discriminant along the stages. The first stages, that use less
discriminant features than the last one, will therefore tend to choose smaller
thresholds and let a greater number of samples reach the last stage. Indeed,
this will increase the number of false positive errors but will guarantee a
higher detection rate. This trend will progressively make the cascade more
similar to a single classifier. We can therefore expect a decrease of the
“boosting” effect described above and the cascade performances should get
closer from the single classifier results.

Sub-optimality at high recall values

Based on the explanation from the last paragraph, we should expect
that if the cost-constraint is completely relaxed, the obtained cascade will
outperform the single classifier at moderate detection rates and then get
closer of (or even superimpose) the single classifier curve for higher rates.
Indeed, at high detection rates and as the cost is no more constraining,
the cascade should become similar to a single stage that uses the whole
set of features and therefore give the same results than a single classifier.
However, we observe that the curve crosses the single classifier curve and
remains below it when the detection rate increased?l This is due to the
fact that the last stage has not been trained to classify all entering samples
but only those having successfully passed the two first stages set up with

'In our future work, it should be therefore interesting to verify that this better result
vanishes if we consider a single classifier based on a boosted ensemble of random decision
trees.

2As stated above, the cost-unconstrained curve superimposes with the “cost < 0.6”
one.
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“normal” thresholds. If the cascade is subsequently degenerated to its last
stage by the optimization step, it will remain sub-optimal in comparison to
a single classifier whose training phase has been done on all samples. This
sub-optimality should disappear if we replace our post-learning optimiza-
tion step with an iterative process that include the training phase in the
loop. However, as explained page 132}, such strategy drastically increases
the computational load required to build a cascade, as the training step has
to be repeated several times.

4.6 Conclusion

In this chapter, we have investigated techniques able to realize classifi-
cation and retrieval tasks based on JPEG 2000 code-streams. We have first
studied how to extract relevant information from such code-streams in or-
der to generate an image characterization that could subsequently be used
in a classification process. We showed that, thanks to the various scalability
levels inherently present in JPEG 2000, the quality of this characterization
is directly related to the amount of data processed (and partially decoded)
by the classifier. In particular, a new way to store the extracted feature
values, called integral volumes, has been introduced and allows to very eas-
ily obtain relevant information on any area in the image. This structure
is progressively refined, as each image is being further decoded. We then
assessed the performances that can be expected when using JPEG 2000 fea-
tures in various classification tasks based on random decision trees. The
results obtained were similar to the best results available in the literature
on raw images classification and categorization. This proves that staying
in a JPEG 2000 framework not only avoid heavy transcoding operations
and speed up image handling but allows also to get very good classification
performances. Eventually, we combined several JPEG 2000 classifiers in a
cascade suited for image retrieval operations. This cascade has been de-
signed so as to draw benefit from the JPEG 2000 scalability: in particular,
the amount of data that has to be extracted from a sample is directly re-
lated to the relevance of this sample. Optimization of this cascade is made
in a process separated from the learning phase and takes into account the
feature extraction cost: this allows to make a trade-off between complex-
ity and performances, like in a rate-distortion optimization process. Such
trade-off is of high interest in the perspective of an online retrieval system.

A lot of interesting future research directions have already been identi-
fied on several aspects of the presented system. Among them, one could cite
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the study of a better way to combine information from various subbands
in order to increase the robustness to orientation changes. Concerning
the JPEG 2000 classifier that combines random decision trees and integral
volumes representation, improvements could be obtained by investigating
boosting solutions and/or techniques to more adequately select relevant
samples for the learning phase [7]. The cascade also could be improved by
considering for example an asymmetric score measure in each stage, that
takes into account the lower importance of a false positive error compared
to a false negative one [121), 122]. In parallel, other application frameworks
have to be explored, like the famous face detection application, in order to
be more easily comparable to other systems.

More globally, this work has to be seen as a step towards a user-centered
online image retrieval system. While experiments in this chapter used of-
fline computed samples sets, the goal is to be eventually able to interact
with the user and to progressively learn what he is looking for. As described
in the conclusion of this thesis, such online image retrieval system is com-
plementary to a navigation tool such as the one proposed in Chapter [3] and
could highly benefit from the use of hardware components such as the ones
mentioned in Chapter 2l Most of the choices in the presented system have
been made in the perspective of such user-centered system: the ability to
generate a lot of random samples from a few learning images, the progres-
sive generation of integral volumes, the possibility to return intermediate
results in the cascade, the trade-off between performances and complexity,
etc. The potential improvements raised in the previous paragraph will be
implemented in the same perspective.



Conclusion

In this thesis, we have considered the very general issue of managing
the growing amount of digital information that surrounds us. Within such
a wide topic, we have focused on digital images, and more specifically on
three complementary aspects that could be part of a generic remote image
server:

e the representation used to store the images,

e the browsing ability that lets a user access and navigate inside these
images,

e the retrieval ability that allows a user to find areas of interest among
the images.

These three research directions have lead to several results, summarized in
Section Various perspectives have also been opened by this work, they
are presented in Section

5.1 Contributions

Scalable image representation

Among the three topics enumerated above, the contributions of this
thesis have been made on the browsing and retrieval aspects. However,
they both strongly rely on the scalability of the chosen image represen-
tation: JPEG 2000. Besides a high compression efficiency, this algorithm
organizes the image information in such a way that almost any spatial area
can be extracted at any resolution and bit-depth, without even scanning
the remainder of the image. This image compression standard has been
widely studied during our work. In particular, a deep understanding of the
algorithm details -and the implementation issues it raises- has been made
possible thanks to the design of an FPGA hardware architecture.
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Seamless remote browsing

Techniques and guidelines have been proposed to improve the server
responsiveness when remotely and interactively browsing large JPEG 2000
images. The main contribution of this work has been to propose and eval-
uate pre-fetching solutions to anticipate future navigation commands by
scheduling JPEG 2000 packets that are expected to become relevant to ex-
pected future Wols. Our results demonstrate that, by speeding up the
increase of quality in future Wols, pre-fetching has the capacity to accel-
erate the rhythm of user requests, which corresponds to an increase of the
system reactivity and a smoother browsing experience for the user.

Coarse-to-fine compressed retrieval

In the last chapter, we have presented solutions to efficiently perform
categorization and retrieval tasks on JPEG 2000 code-streams. We first in-
vestigated the features that could be extracted from such code-stream to
characterize an image. We showed that thanks to the JPEG 2000 scalabil-
ity, the discriminant level of such characterization is directly related to the
amount of extracted data. Taking this finding into account, we proposed
an original representation, called integral volume, that can be progressively
refined and that stores the extracted feature values. Moreover, this repre-
sentation allows to very easily obtain relevant information on any area in
the image, independently from code-block borders.

A JPEG 2000 classifier has then be proposed. It combines the integral
volume representation mentioned above, and recent developments in clas-
sification based on random decision trees. Performances obtained on freely
available databases are similar to the best results known so far, validating
the relevance of the approach.

Eventually, a cascade of JPEG 2000 classifiers has been introduced. It
draws benefit from the JPEG 2000 scalability to perform a coarse-to-fine
retrieval process. In particular, increasingly discriminant features are used
along the cascade and the amount of processing achieved on a given sample
is therefore directly related to the similarity of this sample with the sub-
mitted query. Optimization of such cascade is then made in a way that
takes into account the global computational load. This aspect is of high
interest in the perspective of an online retrieval system.
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5.2 Perspectives

The work that has been done in the context of this thesis has opened
several new research opportunities. Besides small algorithm tunings that
have been mentioned in their respective chapter, we have identified three
more global research perspectives that we would find interesting to investi-
gate. This will hopefully be the case in the context of a Post-doc contract
called MOSAIC (Module for Online Search and Access to Image Content).

The main motivations behind these future research directions are (i) a
better integration of the three components investigated in this work, and
(74) an evolution towards an online user-centered system. Figure repro-
duces Figure from the introduction, with the suggested improvements
marked in red.

Relevance feedback

The retrieval system proposed in our work has currently only be vali-
dated on pre-computed samples sets. For this system to be integrated in a
remote image server, an online interaction with the user has to be defined.
Practically, the learning set will have to be built in real-time. To do so,
an iterative relevance feedback process is envisioned: the user submits an
image query to the server which in turn replies with several intermediate
results, then the user gives his feedback and the system further refines its
classification model... And so on until the model is sufficiently accurate.
The retrieval process can then be started on the whole database. It should
be noted that most choices in the presented system have been made in
the perspective of such user-centered system: the ability to generate a lot
of random samples from a few learning images, the progressive generation
of integral volumes, the possibility to return intermediate results in the
cascade, the trade-off between performances and complexity, etc.

A lot of research has already been done in the relevance feedback field.
In particular, active learning techniques [I}, 85l [125] are well suited to our
case and give promising results. They consist in carefully selecting the
samples submitted to the user so as to maximize the expectation of the
accuracy improvement. The user feedback is then only requested on am-
biguous samples, which can drastically speed up the learning phase.
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content-based
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Figure 5.1: Future research directions (marked in red).
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Browsing and retrieval interaction

Synergies could be exploited between the browsing and retrieval mod-
ules. For instance, in the presented system, when the user browses an
image, packets are sent in decreasing order of the benefit provided on cur-
rent and expected future Wols. These future Wols are guessed based on the
navigation model used by the system. If browsing is now coupled with a
retrieval task, the scheduling strategy could take into account the relevance
of the packet content, according to the data submitted by the user about
his interests. In this case, the system would first locate the areas of interest,
then indicate their position to the user, and pre-fetch these zones in pri-
ority. On the other side, the retrieval module could draw benefit from the
browsing ability by letting the user easily select the initial zone of interest
before beginning to seek similar areas.

Hardware acceleration

As the amount and size of images in the server increase, dedicated hard-
ware resources could be required to guarantee fast and efficient processing of
users requests. As already suggested in Figure[I.T] such hardware accelera-
tion could obviously be useful when a bunch of new images are recorded in
the server, by speeding up the JPEG 2000 encoding process. Another part
of the server that could greatly benefit from hardware power is the retrieval
module (Figure . When processing the whole database with a cascade
of random decision trees, we have shown that the proposed coarse-to-fine
approach already limits the amount of JPEG 2000 decoding operations that
has to be done. However, performances could be further improved by leav-
ing hardware resources take care of these operations. Moreover, progressive
building of integral volumes and feature values computation are made of
repetitive simple steps that could adequately be transfered to a hardware
processing unit. In this perspective, a collaboration with an industrial
partner like the intoPIX spin-off should greatly facilitate this vertical inte-
gration.
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