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Abstract
Visual communication, vivid, meaningful, and creative, permits a way to express

information visually. The communication media, by images, graphs and videos,
passes informative color and shape to human perception sensors. But when we
look close, we wonder: are we merely a passive receiver? Or can we actively select
what we would like? Can our eyes only sense the visual images? Or can we enjoy
a comprehensive immersive experience of the real world? To discover wonders, we
have to explore the essentials and under wraps of visual communication.

The work described in this dissertation develops the techniques of visual com-
munication, including rendering, compression and visual search. We leave the con-
ventional pixel-by-pixel image processing behind to explore the opportunities of
sparse feature-based image processing. Thus, in this dissertation, a new objective is
proposed: to seek a methodology to improve the performance of visual communica-
tion by using geometric information carried by the image features. To motivate it,
we investigate two systems of visual communication, namely free viewpoint coding
and rendering, and mobile visual search. The first system is based on the delivery
and presentation of multi-view videos. We demonstrate how to use the image fea-
tures for efficient video coding and high quality virtual view rendering. To further
boost the importance of image features, we discuss the second system, the mobile
visual search system, which is only based on the transmission of image features. We
illustrate how to achieve reliable identification by using sparse image features.

The system of free-viewpoint coding and rendering encodes and delivers the
video content to the end-user and allows interactively choosing and rendering a vir-
tual viewpoint in real time. We propose a content-adaptive coding and rendering
method to separate the dynamic and static video content items, and apply content-
adaptive coding and rendering to each of them. The content-adaptive scheme com-
prises the extraction of static and dynamic content, the video coding engines, and
a synthesis unit for virtual view rendering. We address the problem of using the
image features for rate-distortion optimal video coding and high quality geometry
model-based rendering. For the video coding engine, we study a feature-based mo-
tion compensation scheme and an optimal rate allocation model. For the component
of free viewpoint rendering, we study a hypothesis-driven free viewpoint rendering
approach based on 3D model hypotheses.

For the second system of mobile visual search, we propose a geometry-based
search, namely mobile 3D visual search. The end-to-end scheme uses a client-server
model for visual communication. The client extracts and encodes the features of the
query. The server holds the feature database derived from the multi-view imagery,
as well as the feature matching engine. We address the problem of rate-constrained
identification by using multi-view image features. For the client, we propose a rate-
constrained feature coding method to efficiently encode the query features. For the
server side, we propose a double hierarchy to structure the database for indexing
the database features. Moreover, we develop an algorithm that accomplishes 3D
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geometry-based matching and ranking by utilizing 3D geometric information and
2D texture information jointly.





Sammanfattning
Visuell kommunikation är ett levande, meningsfull och kreativ, medger sätt för

man som vill uttrycka informationen visuellt. Dessa kommunikationsmedier vid
bilder, diagram och video, passerar informativ som färg och form till mänskliga
perceptionsprocesser. Men de är n̊agra fr̊agor som vi undrar över när vi tittar
närmare p̊a bilden: Är vi bara ett passivt mottagaren? kan vi aktivt välja att vad vi
vill? Kan v̊ara ögon bara uppfatta av visuella bilder? kan vi tyck om en omfattande
uppslukande upplevelse av den verkliga världen? För att upptäcka underverk, måste
vi explorera det väsentliga och mystiska visuell kommunikation.

Denna uppsatsen berättar om utvecklar tekniker för i visuell kommunikations
omr̊aen, inklusive rendering, komprimering och visuell sökning. Vi lämnar den kon-
ventionella pixel för pixel bildbehandlingen och istälet för att hitta intresset av
glesa funktionsbaserad bildbehandling. S̊a, denna uppsatsen föresl̊ar ett nytt ob-
jektiv: att söka en metod för att förbättra prestandan hos visuell kommunikation
med hjälp av geometrisk information som bärs av bildfunktioner. För att motivera
det, undersöker vi tv̊a system för visuell kommunikation, nämligen fri synvinkel
kodning och rendering system, och mobil visuell sökning system. Det första syste-
met, som bygger p̊a leverans och presentation av multi-view filmer. Vi visar hur
man använde bildfunktioner för effektiv videokodning och hög kvalitet virtuell vy
rendering. För att ytterligare öka betydelsen av bildegenskaper, diskuterar vi det
andra systemet, mobila visuella söksystemet vilket enbart är baserad p̊a överföring
av bildfunktioner. Vi visar hur man kan uppn̊a säker identifiering med hjälp av
glesa bildegenskaper.

Den fria synvinkel kodning och rendering systemet kodar och levererar videoin-
neh̊all till slutanvändaren och till̊ater interaktivt välja och göra en virtuell synpunkt
i realtid. Vi föresl̊ar en inneh̊alls adaptiv kodning och rendering metod för att se-
parera dynamiska och statiska videoinneh̊all objekt och tillämpa inneh̊alls adaptiv
kodning och rendering p̊a dem. Inneh̊allet-adaptiva systemet omfattar utvinning
av statiskt och dynamiskt inneh̊all, videokodningsmotorer och en syntesenhet för
virtuell vy rendering. Vi itu med problemet med att använda bildfunktioner för
hastighets distorsion optimal videokodning och hög kvalitet geometrimodell ba-
serad rendering. För motorvideokodnings, studerar vi en funktionsbaserat system
rörelsekompensering och optimal hastighet allokeringsmodell. För den del av fri
synvinkel rendering, studerar vi en hypotes driven fri synpunkt rendering strategi
som bygger p̊a 3D-modellen hypoteser.

För det andra system för mobila visuell sökning, föresl̊ar vi en geometri base-
rad sökning, nämligen mobil 3D visuell sökning. Ände-till-ände schema använder
en klient-server-modell för visuell kommunikation. Klienten extraherar och kodar
funktioner i sökfr̊agan. Servern h̊aller funktionen databasen härrör fr̊an multi-view
bildspr̊ak samt funktionen matchningsmotor. Vi itu med problemet med hastig-
hets begränsad identifiering med hjälp av multi-view bildegenskaper. För klientsi-
dan, föresl̊ar vi en hastighets begränsad funktion kodningsmetod för att effektivt
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koda fr̊agefunktioner. För serversidan, föresl̊ar vi en dubbel hierarki strukturerad
databas för indexera databasfunktioner. Dessutom utvecklar vi en algoritm som
åstadkommer 3D-geometri baserad matchning och rangordning att utnyttja 3D-
geometrisk information med 2D-texturinformation gemensamt.
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Chapter 1

Introduction

“A journey of a thousand miles
must begin with a single step.”

— Lao-Tzu, Tao Te Ching

From a crowded city to an inhabited wilderness, the world around us has
been densely sampled by billions of images and videos with advanced devices
and over broad bandwidth [TFF08] [LL07]. Visual communication is a key

allowing us to discover our real world virtually and cognitively. It is not only a
collection of signal processing methods, but also a framework of human perception
and cognition. On one hand, it constitutes a virtual world embedded in the large-
scale network by a large amount of image data. Thus, it is able to explore by using
signal processing methods. On the other hand, it also provides a higher level of
communication and understanding comparing to using the text and words alone.
This reflects the features of human cognitive and emotional patterns [ML89] [Ber08].
Therefore, the methodology of visual communication usually combines the advanced
digital methods with human perception knowledge.

With this methodology in mind, many technologies have been developed to
improve the services of visual signal processing and transmission. The examples of
using state-of-the-art visual communication are ubiquitous. The revolutionary tech-
niques in film technology such as the movie “Avatar”, bring the virtual world to live
by using the new 3D and IMAX technologies. The commercial Mobile Visual Search
(MVS) applications such as Google Goggles [Goo13] and Amazon Flow [Ama13],
achieve reliable identification by using the mobile visual search technologies. The
Artificial Intelligence (AI) algorithms of image classification use Convolutional Neu-
ral Network (CNN) in the framework of deep learning [Ben09]. All of these inno-
vations reveal new insights of visual communication and open the new frontiers of
applications. In the scope of information and communication technologies (ICT),
the new applications of visual search contribute to the concept of smart city and
meet the requirements of Internet of Things (IoT) [VGS+13]. It also guarantees the
visual communication being an important part of new era of Industry 4.0 [PTB+15].

1



2 Introduction

With the growing of visual data volume and demands of new visual services,
one can imagine that one day the conventional visual communication will face the
challenges in computational capability and real time requirements. Most of the
challenges and difficulties are rooted in the bandwidth constraint and the limited
computational capacity of devices. One of important reason is the new forms of me-
dia contents and platforms improve the user experience by increasing the resolution
or the dimension of visual data, such as High Definition Television (HDTV) and
free-viewpoint video. Using the current pixel-driven techniques, the increased data
volume adds more burden on the computational capacity and bandwidth require-
ment of the devices and network setups. This motivates us to exploit the advantages
of content-driven techniques, so that the issues of computational complexity and
bandwidth constraint can be efficiently solved.

In this dissertation, we study the visual communication by using the content-
driven methods, in particular, using the image features. Three important aspects
of visual communication will be addressed, namely the rendering, the compression,
and the visual search:

• Rendering: We investigate the free-viewpoint rendering or so-called virtual
viewpoint interpolation in the multi-view scenario. Different from conven-
tional methods of Depth Image Based Rendering (DIBR) [Feh03] [MFFT08],
we propose a geometric model based rendering method. The geometric model
is determined by multi-view image features. As the geometric model is shared
by multiple views jointly, the visual consistency of rendering at free-viewpoint
can be improved. Furthermore, we derive a mathematical model to link the
accuracy of geometric model and rendering quality. With that, we can improve
the rendering quality by choosing the geometric model optimally.

• Compression: We address the content-adaptive video coding in the multi-view
scenario. The multi-view image features are extracted to separate the content
items and used to implement the feature-based motion compensation in High
Efficiency Video Coding (HEVC) [SOHW12] [BHO+13]. We study the rate
allocation problem among different video contents by constructing a rate-
distortion function. Moreover, we exploit the static properties of background
content video and encode it with temporal subband coding. With studying
the rate-distortion performance of subband coding, we are able to allocate
the bitrate among subbands optimally.

• Visual Search: We investigate the rate-constrained identification problem of
mobile 3D visual search. Using the multi-view image features, the underlying
geometric information of the object is used for visual search as well as the 2D
texture information. A client-server model is constructed for efficient feature-
based communication. For the client side, we develop a rate-constrained fea-
ture selection method to encode the query information. For the server side, we
utilize a hierarchically structured database with vocabulary tree to index the
database features. Furthermore, we develop an algorithm to accomplish the
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3D geometry-based matching and ranking that by utilizing the 3D geometric
information with 2D texture information jointly.

1.1 Thesis Scope and Contributions

To provide detailed information, the remaining part of dissertation tackles the prob-
lems from the perspective of rendering, compression, and visual search in feature-
based image processing. The context and specified contribution for this dissertation
is presented here in Chapter 1, along with the definition of the objectives of the
dissertation, and an outline of the dissertation.

Chapter 2

Chapter 2 focuses on the development and fundamentals of feature presentation of
images and basic knowledge of multi-view geometry. Following this, two tailored
visual communication systems are introduced. Based on them, several problems
are selectively addressed, i.e., the rendering, the compression and the visual search
problem.

Chapter 3

Chapter 3 focuses on free-viewpoint rendering in multi-view videos. It addresses
the problem of how to improve the visual quality in large baseline sport videos. It
proposes a content-adaptive modeling and rendering scheme for dynamic foreground
content items and static background scenes of soccer games. It mainly answers the
following questions:

• How to use piecewise geometric models to improve the consistency of visual
quality? How to approximate and estimate the geometric model at a low
complexity?

• How to measure the fitness of each model by considering all available views
jointly?

Based on these considerations, it proposes a method of modeling the content items
by using the piecewise geometric models and achieves high quality rendering by
assigning the model hypotheses to each image pixel. It measures the fitness of
each model by using a cost function. The cost function aims to minimize the free-
viewpoint rendering distortion by assigning the right model hypothesis. Finally, the
parameters of the geometric model and the hypothesis assignments of the object
are determined by minimizing the cost function with multi-view jointly.

The contributions of this chapter are based on:



4 Introduction

• [LF15a] Haopeng Li and Markus Flierl, “Hypothesis-Driven Free Viewpoint
Rendering with Feature-Based 3D Models,” IEEE Trans. on Multimedia, to
be submitted, Nov. 2015.

• [LF12a] Haopeng Li and Markus Flierl, “3D Model Hypotheses for Player
Segmentation and Rendering in Free-Viewpoint Soccer Video,” Proc. IEEE
Symposium on Multimedia, Dec. 2012.

• [LF12b] Haopeng Li and Markus Flierl, “SIFT-Based Modeling and Coding
of Background Scenes for Multiview Soccer Video,” Proc. IEEE International
Conference on Image Processing, Sept. 2012.

Chapter 4

Chapter 4 focuses on content-adaptive coding in multi-view videos. It addresses how
to use the multi-view feature-based method to improve the video coding efficiency.
It studies the method of using feature-based motion compensation to divide the
video scenes into dynamic and static sub-sequences. It achieves the optimal video
coding by solving two problems.

• How to optimally allocate bit rate among dynamic and static sub-sequences?

• Why and how to use temporal subband coding to encode the static back-
ground video, and how to optimally allocate bit rate among the all the sub-
bands?

It solves the problems by deriving rate-distortion models of overall video content
items and all the subbands. Moreover, it incorporates the rate allocation algorithm
into advanced video codec HEVC and implement the content-adaptive coding effi-
ciently.

The contributions of this chapter are based on:

• [LF15b] Haopeng Li and Markus Flierl, “Content-Adaptive Video Coding,”
IEEE Trans. on Multimedia, to be submitted, Nov. 2015.

• [LLF12] Xiaohua Lu, Haopeng Li and Markus Flierl, “H.264-Compatible
Coding of Background Soccer Video using Temporal Subbands,” Proc. IEEE
Symposium on Multimedia, Dec. 2012.

• [LF12c] Haopeng Li and Markus Flierl, “SIFT-Based Multi-View Cooper-
ative Tracking for Soccer Video,” Proc. IEEE International Conference on
Acoustics, Speech, and Signal Processing, Mar. 2012.

• [LF11a] Haopeng Li and Markus Flierl, “Rate-Distortion-Optimized Content-
Adaptive Coding for Immersive Networked Experience of Sports Events,”
Proc. IEEE International Conference on Image Processing, Sept. 2011.
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Chapter 5

Chapter 5 focuses on studying the rate-constrained identification problem in mobile
3D visual search. It illustrates the method of combining the 3D geometric informa-
tion in mobile visual search to improve the performance of datarate-identification
tradeoff. It solves the datarate-identification problem by considering the client and
server jointly. It mainly answers the following two questions:

• Client: How to generate rate-constrained query features? How to improve the
quality of query features for robust matching in database?

• Server: How to discriminate the quality of features at the database by using
multi-view features and hierarchical structured database?

Furthermore, it derives a cost function for object matching and ranking by consid-
ering vocabulary tree matching and geometric consistency. With that, it devises an
iterative algorithm that accomplishes 3D geometry-based matching and ranking.

The contributions of this chapter are based on:

• [LF15c] Haopeng Li and Markus Flierl, “Mobile 3D Visual Search,” IEEE
Trans. on Multimedia, to be submitted, Nov. 2015.

• [MWLF15a] David Mars, Hanwei Wu, Haopeng Li, and Markus Flierl, “Geom-
etry-Based Ranking for Mobile 3D Visual Search using Hierarchically Struc-
tured Multi-View Features,” Proc. IEEE International Conference on Image
Processing, Oct. 2015.

• [MWLF15b] David Mars, Hanwei Wu, Haopeng Li, and Markus Flierl, “Joint
Geometric Verification and Ranking using Multi-View Vocabulary Trees for
Mobile 3D Visual Search,” Proc. Data Compression Conference, Apr. 2015.
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Chapter 2

Background

“Vetenskap och konst”
— KTH’s motto

This chapter starts with a high level motivation of the feature-based image
processing which is based on the development of the visual communica-
tion technology. Following this, the chapter introduces the fundamentals of

feature presentation of images and basic knowledge of multi-view geometry. Sub-
sequently, we introduce in-depth two tailored visual communication schemes and
selectively address several problems associated with them, i.e., the rendering, the
compression, and the visual search problem.

2.1 Image Processing with Geometric Information

The goal of this section is to introduce the background of geometry-based image
processing. We briefly overview the development of visual-based technology in the
last century and address the essential problems of visual-geometry communication
in this dissertation.

2.1.1 Photography - Key to the Real World
Historically, and still today, photography is key to represent the real world by
collecting and drawing with light that life has freezed at this moment. From the first
explosion as chemical changes on the 35mm film, to electronic sensor recording the
image as a set of electronic data, the photographic technologies have revolutionised
the way information is recorded and transmitted in the last 100 years. By freezing
a discrete time from a unique perspective and gives it life forever, the photographic
footage leaves no journey of human society historically unmarked.

In the earlier stages of photography, it was only used as an observation tool to
record the live events by mapping the real world to photos. The nature of pho-
tography gives its characteristic of objectiveness and accuracy, allowing it being
employed in science and art. Nowadays, it has become a strong means of visual

7
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expression and communication. The dramatic change is from the early dream of
Victor Hasselblad1 and his civilian camera, to the powerful lens which can zoom
in from kilometers away in space. The photographic technology evolve its period of
using only as a recording tool, to an era of large-scale visual sensor network.

2.1.2 2D Imagery - Why We Rely on It

It is not difficult to expect that visual sensor related technology will play an im-
portant role in the near future, including augmented reality, artificial intelligence
and multimedia cloud computing. The driving force of these technologies is the the
rapid development of handhold devices, broadband data transmission and cloud
computing which provides strong computational capability with efficient resources
allocation and fast transmission over advanced networks. These technologies make
a link between signal processing, communication, and human perception which fi-
nally served the requirements from people’s daily life such as smart phone, wearable
devices, self-driving car, and visual sensor network.

Although we can name many fancy services of visual communication, the basic
media of these services is the 2D imagery, or its temporal collection called video. An
image is a projection of the world, either photorealistic which is from the real world
or computer animation which is from the virtual world. Maybe the nature shape
of our cognition, the image on the 2D orthogonal plan provides a promising basis
and format to process the image related problems, such as acquisition, compression,
transmission, and display.

Image acquisition gets inspired from human perception system, the eyes, in-
cluding the brightness and color sensitivity, and the optical structure to render the
objects in the brain. Combining with physical and electronic technologies, the ad-
vanced visual sensor appears as super-vision comparing to the human eyes, from
high-speed camera at 1000 frames per second, to night vision device using both
visible light and near-infrared light, from using high-dynamic-range (HDR) imag-
ing to simulate the adaptation of the human iris to luminosity, to using multi-view
camera to reconstruct the panorama or 3D scene in real time.

On the other hand, the image compression and transmission technology has
also been well studied in the past forty years. The fundamental of compression
of image is to trade-off the image quality and compression ratio by reducing the
redundancies in the image, namely interpixel redundancy, temporal redundancy,
psycho-visual redundancy, and coding redundancy. To solve the image compression
problem, the signal processing methods and probabilistic methods are often used.

• Interpixel and temporal redundancy: It is also known as spatial and inter-frame
correlation, can be efficiently removed by using predictive or transformation
methods.

1Victor Hasselblad (1906-1978), Swedish inventor and photographer. The professional Hassel-
blad camera has been used in Apollo program when humans first landed on the Moon.
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• Psycho-visual redundancy: The human perceptual system actually plays as
a low-pass filter which is more sensitive to low frequencies than to the high
frequencies in visual spectrum. Thus, reducing the number of bits per pixel
by scale or vector quantization can limit the gray-scale which is insensitive to
human perception system.

• Coding redundancy: It is also known as statistical redundancy, which is the
redundancy among a sequence of quantized symbols. It can be eliminated
by using entropy coding methods, such as Huffman coding and Arithmetic
coding.

Reducing the above three redundancies builds up the general scheme of image
source, including predictive or transform coding, quantization and entropy coding.

2.1.3 Decode 3D Geometry from 2D Imagery

At the same time as the 2D image processing has reached its prime, the increasing
capacity and reliability of networks along with higher quality and lower cost of imag-
ing hardware has provided sophisticated tools for creation and proliferation of new
forms of media contents and platforms: High Definition Television (HDTV), fully
digital cinema pipeline, rich multimedia internet sites, networked media servers,
immersive online video games, and spectacular visual effects. Among all of the new
technologies, one of the important features is to add the immersive 3D experience
to the end user, including popular 3D film and free-viewpoint video.

The mathematical fundamentals behind the 3D video technology is the 3D ge-
ometry which provides the depth information of the scene. However, the mapping
from 3D space to 2D image plane follows the law of projection. In each individual
image, the depth information is missing due to the reduction of dimensionality. Note
that missing means hiding its trace, not lost. To recreate the depth information,
we have to revisit the problem of recovering the depth information from the 2D
images.

Let us first have a look at the relative of photography, the painting, in particular
of the period of Renaissance. Followed by the rule of mathematical projective theory
which was originally introduced by the mathematicians of Greece, the Renaissance
painters developed a drawing technique that depicts the scenes as they observed
by eyes, the far away scenes was drawing smaller than the close scenes [IJ64].
This, actually reveals the perspective of projective geometry. A wise thinking and
partial answer has been given by Leonardo da Vinci, one of the most important
mathematicians and artists in Italian Renaissance2:

“ ON THE THREE BRANCHES OF PERSPECTIVE.

2Leonardo da Vinci (1452-1519), mathematician and artist in the Italian Renaissance, genius
epitomized the Renaissance humanist ideal. His painting and sketch considers the shape, size, and
perspective, descriptive features of objects rather than only the color and intensity.
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There are three branches of perspective;
The first deals with the reasons of the (apparent) diminution of objects
as they recede from the eye, and is known as Diminishing Perspective.
The second contains the way in which colours vary as they recede from
the eye.
The third and last is concerned with the explanation of how the objects
[in a picture] ought to be less finished in proportion as they are remote.
And the names are as follows: Linear Perspective. The Perspective of
Colour. The Perspective of Disappearance. ”

We learn two deep insights from Leonardo da Vinci’s quote. First, the 3D geometry
can come from the mathematical framework of projective geometry. Second, the 3D
geometry can come from the intensity.

The two hints given by Leonardo da Vinci allow us to decode the geometric
information from image. Back to today’s computer vision area, the first hint is
understood as Structure from Motion (SfM) method, the second hint is understood
as Shape from Shading (SfS) method [HZ04] [Cri99].

• Structure from Motion: It utilizes the feature correspondences in one or mul-
tiple images to learn the 3D structure of the scenes. By knowing the fea-
ture trajectories over time or space, the 3D position as well as the cam-
era pose can be estimated. More sophisticated Simultaneous Localization
and Mapping (SLAM) based methods can also reconstruct the 3D geome-
try without using the correspondences and generate 3D structure in real-
time [New99] [DSTT00] [DNC+01] [DRMS07].

• Shape from Shading: It reconstructs the surface by measuring the light re-
flection based on the assumption of Lambertian reflectance [Lam60]. With
multiple light sources from different perspectives, the structure of surface can
be estimated [Hor89] [Pen84] [ZTCS99].

These two methods enable us to receive and decode the message encrypted in the old
art works. Two examples are shown in Fig. 2.1, in which Dutch painter Jan Vermeer
incorporated geometry in his paintings3. As he strictly followed the rule of projective
geometry in his work “The Music Lesson”, from the mirror which is hanging on
the wall, the 3D geometry of the room can be reconstructed [Tel13] [GS10]. For
the portrait “Girl with a Pearl Earring”, by learning and modeling the shadows
on the face and pearl, the generic model of the face can be reconstructed. Even
more, by studying the consistency of light sources of face and pearl, it can infer the
portrait is drawing from a real model not from memory, and the pearl is not added
later [JSBY08].

3Jan Vermeer (1632-1675), one of the most important painters of the Dutch Golden Age. His
painting uniquely shows a photo-like perspective geometry style.
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(a) Jan Vermeer, “The Music Lesson (1662 - 1665)”

(b) Jan Vermeer, “Girl with a Pearl Earring (1665)” 

Figure 2.1: Two pieces of art work and detailed patches. (a)The Music Lesson(1662 -
1665) by Jan Vermeer, ©Royal Collection, St. James’s Palace, London; (b)Girl with
a Pearl Earring (1665)’ by Jan Vermeer, ©Mauritshuis, The Hague, Netherlands.

2.1.4 Visual Communication, What Technology We Need

Mathematics and computer science has contributed the fundamental methods to
decode the geometry information from the images. On the side of Communication,
we have competencies of 2D image coding due to the rate-distortion theory of
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image coding has been studied deeply. To incorporate geometric information in
visual communication, a question naturally arises: How should we use the geometry
information to improve the visual communication performance?

To answer this question, we should review the methods of compressing the
geometry information in image coding. The standard way of transmitting 3D TV
or free-viewpoint video is sending the multi-view texture videos together with the
depth videos to the client, which is with potential large data volume. To efficiently
compress the texture and depth information, there are several coding schemes of
encoding the multi-view video [SMS+07] [SOS13]:

• Disparity-Compensated Stereo Video Coding: The disparity-compensated video
coding appears in earlier MPEG standards of encoding stereo videos [ITU00]
[ISO03] [WSBL03]. One disparity video is estimated based on the disparity
difference between the first and second view. It encodes the first view by
using standard video coding and encode the second view by using disparity
compensation together with motion compensation of the first view video.

• Texture Plus Depth Coding: In this setting, the source generates the depth
image per texture view and is encoded together with texture videos [ISO07b]
[ISO07a]. The depth image is fed into the luminance channel of video signal
and encoded with standard video coding. The texture and depth video are
encoded separately.

• Multi-View Video Coding (MVC): MVC is developed by Joint Video Team
(JVT) within the ITU and ISO MPEG. It utilizes the inter-view and temporal
correlation among multi-view video and temporal frames. It implements the
inter-view and temporal prediction using the well-known hierarchical-B struc-
ture [VWS11]. The original MVC does not include the depth image coding,
but some studies show that incorporating depth image in video coding can
improve the view interpolation performance at the receiver side [MSMW07]
[MFdW07] [KS11] [PMPP+15].

• 3D Mesh Compression: 3D mesh coding is a method to preserve and encode
the full object geometric model. The 3D meshes comprise the connectivity
information which defines the relationship among the mesh triangles, and
geometric information which defines the 3D location of the triangles. Thus,
the compression can be achieved by utilizing the spatial and temporal de-
pendencies among the mesh triangles. The compression of static 3D meshes is
already a well-established research area and has been included in ISO MPEG-
4 [ISO01]. The compression of dynamic 3D meshes is still a challenging area
and need to be further explored [MSK+05] [SKXO07].

Generally speaking, the first three schemes have the similar strategy in encoding
the geometry information in video coding: by recording the geometry information
in the depth images. In other words, it tries to process the geometric informa-
tion homogeneously as processing the image information. However, considering the
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rate-distortion optimization in communication system, this strategy faces several
challenges:

• How to measure the rendering distortion? Unlike the distortion of fixed view
coding, the distortion of virtual view rendering depends on the viewpoint.
Ideally, we have to measure the rendering distortion at an arbitrary view-
point with different coding rate. With that, we can study the rate-distortion
relationship of free-view coding. However, putting a virtual viewpoint at an
arbitrary position in 3D space is infeasible. The possible occlusion problem
makes the situation even harder.

• How to allocate bits among texture and depth videos? To answer this question,
we have to answer the previous question. However, we can only measure the
distortion at a limited number of positions, known as reference views.

• Depth representation problems. The depth image has its own flaws. First, the
consistency of depth estimation in multiple views. This problem is rooted in
the inconsistency of multi-view depth estimation [RTMF15]. Second, the ef-
ficiency of depth image based coding and rendering tightly depends on the
camera baseline scenario. Increasing the baseline degrades the coding effi-
ciency significantly. Third, the depth image are sensitive to the coding noise
as it mainly contains the contour information. To solve this problem, it is
necessary to study its rendering contribution regarding the increments of the
coding rate [WSOPD15], as well as an efficient signal representation of the
depth imagery [WSNO12] [LSJO12].

Thus, we are looking for a method to encode the geometry of multi-view imagery
in another way rather than using the depth images. One outstanding candidate
is the image feature. It stands at the cross road among computer science, signal
processing, and communication.

• Computer Science: Carrier of 3D information The image feature has been
widely used in computer vision and the development has reached a good level
of maturity. It has been used as a basic tool to reliably extract correspondences
from multi-view images and robustly carry 3D geometric information of the
real world, in particular, for the application such as Structure from Motion
(SfM) and Simultaneous Localization and Mapping (SLAM).

• Signal Processing: Sparse representation of image The image feature describes
the important information of the image contents in a sparse representation.
The accuracy of image features can be utilized for efficient calibration and
data fusion in optimal filtering and sensor fusion [GLV+09].

• Communication: Rate-Constrained Source Information The sparse represen-
tation and compact form of the image features offer the advantage for efficient
transmission which can be used in the rate-constrained scenario. Its carried
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visual and geometric content permits information retrieval and object identi-
fication. The flexibility of quality and quantity allows us to study the tradeoff
between data rate and performance.

On side of Communication, this dissertation addresses the problem of efficient
communication by using the image features. In the remaining context, we first
briefly introduce the fundamentals of image features and multi-view geometry.

2.2 Fundamentals of Feature-based Image Representations

An image can be viewed as an optical projection of 3D object onto the 2D space.
With that, the visual information of the 3D object is preserved by a set of pixels on
the 2D image plane. In particular, the locations of pixels define the geometric map-
ping from 3D to 2D with a specified perspective, which usually reflects the shape
information of the object. The intensities of pixels reflect the visual appearance of
the object, known as color and texture.

Image Source RateE

Image S Source RateE
Features

(a) Image communication scheme

(b) Feature communication scheme

Figure 2.2: Image and feature communication scheme. “E” indicates the encoder
and “S” indicates the feature selection component.

The uncompressed set of pixels is the most original and densest representation
of image. However, it is inefficient for communication due to its full data volume. To
solve this problem, there are in general two schemes, namely image communication
scheme and feature communication scheme, as shown in Fig. 2.2. The image cod-
ing scheme has been well studied and the rate-distortion problem has been solved
theoretically and practically [GW06]. However, the feature-based communication
scheme still has many open questions in feature selection and feature coding.

Learning from the classic image coding scheme, the first and important step of
image coding is image signal representation, such as using Discrete Cosine Trans-
form (DCT) in frequency space [RY90] [SGP+95] and wavelets in both frequency
and scale space [Mal08]. Similarly, we use image feature as a signal representation
for feature-based image communication.
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2.2.1 Image Features - Visual Words
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Figure 2.3: Extraction of image features.

The image feature, known as visual word, is the representation of small patches
in the image. Ideally, the feature information need to be concrete and accuracy
which is independent of image noise, resolution, view perspective, and lighting con-
ditions. To achieve that, the feature extraction is crucial which influences the quality
of the image features. The feature extraction can be divided into two steps, namely
feature detection and descriptor representation. In the following, we will introduce
the steps of feature detection as shown in Fig. 2.3.

Feature Detection

From the perspective of the visual perception of one image, the regions with rich
texture information provide more information compared to the regions which are
relatively smoother, known as texture-less regions. Thus, it is necessary to have
a feature detection method, which can distinguish the texture-rich region from
texture-less region. Besides, it requires to be robust to the noise and invariant to
scale and perspective.

We selectively introduce some feature detection methods here and explain how
they achieve the invariance in rotation, scale, and affine transformation.

• Rotation-Invariance: [HS88] defined the feature point as an intersection point
of multiple edges in a small patch. To detect that, it builds a small window
over a patch of pixels. Moving the window on the image, the region where
the feature point locates yield large change in appearance of the window. To
mathematically describe it, the window is modeled by a differentiable matrix
which using the eigenvalues to define the shape of ellipse in eigen-space. By
finding the large eigenvalues of the matrix, the corner point is detected. The
Harris point is rotation-invariance since the eigenvalues preserve the shape of
ellipse under the rotation transform of the image.
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• Scale-Invariance: To resolve the scale issues, [Lin94] [Lin98] proposed a method
to detect feature point in scale-space. It selects the scale level which maxi-
mizes the input response of a given region. Then, based on the selected scale
level, it finds the interested point. This makes the feature point satisfying the
requirement of scale-invariance.

• Affine-Invariance: To compensate the affine transformation of the interest
point, [MS04] found a way to obtain an affine invariant region by using second
moment matrix to warp the patch around the feature point in geometric space.

To improve the efficiency of feature detection, [Low04] developed an algorithm
to find the feature point in Different-of-Gaussian(DoG) scale-space. This simulta-
neously guarantees the requirements of rotation, scale, and affine invariant of the
feature points. Back to now, more works are focused on the issues of real-time
implementation. To improve the speed of implementation in practice, some fast al-
gorithms [RPD10] [LCS11] [TCT+13] have been proposed. In general, they can be
applied in real time video frames without sacrificing the reliability of the features.

Feature Descriptor

The feature detection method gives the location of the feature point which localizes
a small region with rich texture information. This allows us to generate a special
representation to describe this small region, which is referred to as a feature de-
scriptor. A feature descriptor contains the visual information of the patch of the
feature, which can be used for feature matching, transmission, and feature coding.
This requires the robust and representative representation of the feature descriptor.
In particular, it needs to be invariant to rotation, scale, and perspective transfor-
mation.

To guarantee the invariant properties, the current methods in generally man-
age the vector of the descriptor in the gradient field, known as gradient-based
descriptors. The recent report shows that the gradient-based descriptors overper-
formance the non-gradient-based descriptors regarding the reliability of image re-
trieval [TCT+13]. It utilizes several methods to obtain the invariance in rotation,
scale, and perspective transformation:

• It takes the 1D derivative on the small patch to generate the gradient in-
formation of the local patch. It makes the descriptors invariant to noise and
change of lighting conditions.

• It uses a method called orientation binning to normalize the direction of the
descriptors. By knowing the peak of the local orientation histogram, it rotates
and redirects the image patch to be consistent to the peak. This makes the
feature descriptors invariant to rotation and affine transformation.

• The small patch is usually divided into smaller tiles to enhance the relation-
ship between feature point and surrounding pixels in the same patch.
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These techniques guarantee the success of well-known Scale Invariant Feature Trans-
form (SIFT) [Low04] and Speeded Up Robust Features (SURF) [BTG06] [BET+08]
descriptors. It has been shown that the SIFT and SURF descriptors obtain the best
performance among known feature descriptors [MS05].

In the scenario of transmission of descriptors, it requires the feature descriptors
to be both representative and compact due to the communication constraint. In
particular, the data volume of SIFT descriptors is usually larger than the size of
the JPEG-compressed image itself [GCGR11]. Hence, one solution is using feature
coding to compress the feature descriptors. [MCT+14] proposed an approach that
learning the advantage from the structure of video coding and encodes the visual
features by using the interframe predictive coding techniques. Another efficient ap-
proach is known as Compressed Histogram of Gradients (CHoG) [CTC+12], which
can reduce the data rate by factor 20 when compared to that of the uncompressed
SIFT descriptors.

2.2.2 Bag of Visual Words

We hold these truths to be self-evident, that all men are 

created equal, that they are endowed by their Creator 

with certain unalienable Rights, that among these are 

Life, Liberty and the pursuit of Happiness. That to secure 

these rights, Governments are instituted among Men, 

deriving their just powers from the consent of the gov-

erned, That whenever any Form of Government becomes 

destructive of these ends, it is the Right of the People to 

alter or to abolish it, and to institute new Government, 

laying its foundation on such principles and organizing 

its powers in such form, as to them shall seem most likely 

to e!ect their Safety and Happiness. Prudence, indeed, 

will dictate that Governments long established should 

not be changed for light and transient causes; and 

accordingly all experience hath shewn, that mankind are 

more disposed to su!er, while evils are su!erable, than 

to right themselves by abolishing the forms to which 

they are accustomed. But when a long train of abuses 

and usurpations, pursuing invariably the same Object 

evinces a design to reduce them under absolute Despot-

ism, it is their right, it is their duty, to throw o! such 

Government, and to provide new Guards for their future 

security.

self-evident

Liberty

happiness

truths

pursuit

Life

Bag of Words Bag of Visual Words

Figure 2.4: Bag of words and bag of visual words.

From the perspective of feature-based image processing, each single feature con-
tains the visual information of one local patch in the image. By using a set of image
features, the important information of the image can be represented. It borrows
the idea from the method of Bag-of-Word (BoW) in the document information re-
trieval [SM86] that a paragraph of document is represented as a set of important
words, but discarding the grammar or non-important words.

As reading from “Without graphics, an idea may be lost in a sea of words.
Without words, a graphic may be lost to ambiguity”4, the Bag-of-Words method
gives each image feature a semantical meaning and restruct them according to a
defined syntax. One example is shown in Fig. 2.4.

In document search, the frequencies of the words give a statistical calculation
to indicate the importance of words in the context. In image retrieval, the similar

4A quote from Mike Parkinson, who founded the company Billion Dollar Graphics which is
professional in visual communication.
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idea can be applied, known as feature histogram-based methods [SZ03] [SZ09]. It
utilizes a client-server model to achieve the image retrieval. The server features
are collected from a large database of images. The importance and uniqueness of
features are sorted by the term frequency-inverse document frequency (TF-IDF)
framework [Jon88] [SB88] which is from document information retrieval. At the
client side, the image features are extracted and matched against the database.
Thus, the score of query image is calculated in a way of histogram by accumulating
the TF-IDF score of matched database features.

clusters in feature space hierarchical vocabulary tree

Figure 2.5: Hierarchical structured vocabulary tree.

To efficiently implement feature histogram-based scheme, many algorithms have
been developed, including the well-known vocabulary tree (VT) methods [NS06]
[PCI+07] [JDS10] [CTC+10] [ML14] [MWLF15b]. Basically, it use a hierarchical
tree structure to accommodate the visual words from a large amount of images.
It utilizes k-means method [KMN+02] to iteratively partition the descriptor space
into visual words. Then, the clustered visual words are used to construct the vo-
cabulary tree for efficient matching between query and database. One illustration
of descriptor cluster and tree structure is shown in Fig. 2.5.

The classic matching strategy of query against the vocabulary tree is using
Approximate Nearest-Neighbour (ANN) [BL97]. Thus, the best-bin-first strategy is
used recursively, it compares the query only to the children nodes of the best parent
node in the vocabulary tree. With this approach, each incoming query feature can
reach the expected leaf node efficiently. To further improve the performance of
matching, some methods have been proposed. [SBS07] developed a greedy N-Best
paths searching strategy by considering the size of the vocabulary tree. In particular,
it improves the matching results of large-scale database. [MWLF15b] introduced a
credibility value to each matching between query and leaf node. It measures the
distance ratio between first and second closest leaf node for each incoming query
feature. Thus, the confidence of the query matching can be improved.

2.3 Fundamentals of 3D Geometry

Projection is a nature phenomenon like flowers in a mirror, the moon in the water,
where you can see them, but you cannot touch them. But mathematically, the
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3D geometry allows us to bring them back to the real world and recreate them
according to the geometry. In this section, we briefly review the fundamentals of
3D geometry which links the images and the 3D world.

2.3.1 Multi-View Geometry
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Figure 2.6: 3D projection of multi-view imagery.

The basic model of 3D projection of multi-view imagery is shown in Fig. 2.6.
Let P be a real world point in 3D coordinate system, where [X, Y, Z] denotes the
3D world coordinate of P . Let q1, q2 and qm be the projection of P in the image
view I1, I2 and Im, where with image coordinates (x1, y1), (x2, y2), and (xm, ym),
respectively. Each image view has its own camera coordinate system with o1, o2
and om as the origin, where A1, R1, T1, A2, R2, T2, and Am, Rm, Tm are the camera
calibration parameters which depend on the camera position, known as intrinsic
parameter, rotation parameter, and transaction parameter.

In general, the relationship between 3D world point P and image coordinate q
can be written as  x

y

1

 = λM

 X

Y

Z

 , (2.3.1)

where M is a 3 × 4 matrix which is known as projection matrix, λ is an arbitrary
scale factor which defines the position of the 3D point on the ray. The projection
matrix contains the camera position information including internal and external
calibration parameters. Based on this relationship, two classes of problems are usual
addressed. The first class is reconstruction of the 3D information of world coordinate
with knowing the camera parameters. The second class is reconstruction of camera
parameters with knowing the projection of 3D world coordinate in 2D images.

3D Reconstruction from Two Calibrated Cameras

For the first class of problems, the cameras are fully or partially calibrated. In
particular, the cameras with knowing the intrinsic parameter A is called internal
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calibration, which means the camera information such as focal length, resolution,
and lens distortion are known. On the other hand, the cameras with knowing the
extrinsic parameters R and T is called external calibration, which means the camera
information such as location and pose are known. The most fundamental setting
in this class is using two fully calibrated cameras to achieve the 3D reconstruction.
In particular, we introduce the method of 3D reconstruction in the background
of feature correspondences. Note that for the cases of un-calibrated or partially
calibrated cameras, we introduce the solution later.

Let ql ↔ qr be a point correspondence between two view Vl and Vr, where ql

denotes the point with the image coordinate (xl, yl) in the view Vl and fr the point
with the image coordinate (xr, yr) in the view Vr. The ql and qr are originally pro-
jected from the same 3D world coordinate P with 3D world coordinate [X, Y, Z]T .
With knowing the camera calibration parameters, by using projection relations for
corresponding points, the following relations hold:

R−1
l · A−1

l · [xl, yl, 1]T · λl +

 Cx
l

Cy
l

Cz
l

 =

 Xl

Yl

Zl

 , (2.3.2)

R−1
r · A−1

r · [xr, yr, 1]T · λr +

 Cx
r

Cy
r

Cz
r

 =

 Xr

Yr

Zr

 , (2.3.3)

where [Cx
r , Cy

r , Cz
r ]T are the camera transaction parameter Tr for view Vr and

[Cx
l , Cy

l , Cz
l ]T are the camera transaction parameter Tl for view Vl. The factors

λl and λr in (2.3.2) and (2.3.3) define the position of the 3D point on the rays. To
determine them, let the third row of the 3 × 3 matrix R−1

l · A−1
l be [αl, βl, γl], and

let the third row of the 3 × 3 matrix R−1
r · A−1

r be [αr, βr, γr]. Thus, the factor λl

is given by

λl(Zl) = Zl − Cz
l

αlxl + βlyl + γl
. (2.3.4)

Similarly, the factor λr is given by

λr(Zr) = Zr − Cz
r

αrxr + βryr + γr
. (2.3.5)

Therefore, the depth λl and λr are a function of the world coordinate Z.
With the scaling factors (2.3.5) and (2.3.4), (2.3.2) and(2.3.3) need to be equal

for corresponding points ql ↔ qr. As we assume to know the true camera cali-
bration parameters, the resulting expression is over-determined. For our practical
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application, we determine the least square error solution of Z∗ according to

Z∗ = arg min
Z

∥R−1
l · A−1

l ·

 xl

yl

1

 · λl(Z) +

 Cx
l

Cy
l

Cz
l


−R−1

r · A−1
r ·

 xr

yr

1

 · λr(Z) −

 Cx
r

Cy
r

Cz
r

 ∥2. (2.3.6)

The two resulting 3D world coordinates [X, Y, Z]l and [X, Y, Z]r are obtained by
the least square error solution (2.3.6) with respect to ql and qr. However, some small
misalignment caused by calibration parameters should also be considered. Thus, we
use an additional criterion. If ∥[X, Y, Z]l − [X, Y, Z]r∥2 < δd, where δd is a small
threshold for the Euclidean distance in 3D space, the accuracy of the [X, Y, Z] is
sufficiently reliable.

The point correspondences can be obtained by using the feature matching meth-
ods. Combining with the above solution, it provides a way of 3D reconstruction from
feature correspondences. The practical applications includes sensor fusion, object
tracking, and geometry estimation. In particular, for the scenarios that the cameras
are calibrated in advance.

Camera Calibration from Point Correspondences

The second class of problems are addressed in more general scenarios that the cam-
eras are not calibrated in advance, such as hand held cameras or moving cameras.
This adds the challenge for 3D reconstruction with un-calibrated cameras. To solve
these problems, one can usually use a calibration object with known 3D coordinates
in the 3D world coordinate system. With knowing the 3D coordinates and their pro-
jections in image coordinate system, the calibration parameters can be obtained by
solving the projection matrix M in (2.3.1). As the (2.3.1) can be resolved into a set
of over-determined linear equations, the camera calibration can be achieved.

However, the calibration objects are not always available in practical, especially
in general visual search problems. Therefore, we need to find a reliable method to
calibrate cameras without using the calibration objects. The bag of feature approach
provides a solution to calibrate multiple cameras by using a set of feature corre-
spondences in multiple views. Note that, with knowing the calibration parameters,
the 3D reconstruction can be achieved for each individual feature correspondences.
However, to obtain the calibration parameters, the bag of feature approach needs
to use a set of feature correspondences. Here, we briefly introduce a practical multi-
view calibration method.

• Intrinsic: Two-view self-calibration The multi-view calibration begins with
a two-view self-calibration for the first two cameras. We use the intrinsic
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information from the EXIF tags of the camera image file to estimate the
intrinsic camera parameter, in particular the focal length f = w·fm

wm
, where f

and w are the focal length and the image width in pixels, fm and wm are the
actual focal length and the width of the charge-coupled device (CCD) sensor
in millimeters, which are readings from the EXIF tags.

• Extrinsic: Two-view self-calibration We define the set of feature correspon-
dences of view 1 and view 2 as Q1,2. To solve the ill-posed problem of
self-calibration caused by outliers of feature correspondences, we utilize the
reliable fundamental matrix F1,2 of the epipolar-constrained Random sam-
ple consensus (RANSAC) algorithm by imposing the singularity constraint
rank(F1,2) = 2 [Car07]. With the intrinsic matrices A1 and A2 of view 1
and 2, we calculate the essential matrix E1,2 = A2

T F1,2A1. We set the view
1 as reference view at the origin of the 3D world coordinates. For a given
essential matrix E1,2, four solutions for translation matrix T2 and rotation
matrix R2 of view 2 can be calculated by applying singular value decompo-
sition (SVD) on E1,2 [Car07]. Physically impossible solutions are discarded
by using the positive depth constraint [MSKS03]. After knowing the self-
calibration parameters, the set of 3D world coordinate W1,2 = {(Xn, Yn, Zn)}
of the corresponding feature set Q1,2 can be calculated using (4.2.5).

• Adding views To add additional views to the calibration process, we use the
Direct Linear Transform (DLT) [HZ04]. We compare the neighboring set Q1,2
to Q2,3 and choose the fully connected features U1,2,3 = Q1,2 ∩ Q2,3. The
associated 3D world coordinates of U1,2,3 can be extracted from W1,2. The
projection matrix of the new view is then calculated by the DLT. Essentially,
this step is similarly to the approach of using calibration object since it utilize
the known 3D world coordinates and their projection on the image plane.
Then, the camera calibration parameters are obtained by decomposing the
projection matrix with QR-factorization.

• Bundle adjustment To minimize the reprojection error caused by accumulat-
ing relative orientations, we use the non-linear least squares method known
as Levenberg-Marquardt algorithm [NW06]. We use the sparse bundle adjust-
ment [LA09] for an efficient implementation.

Note that, the computational complexity of multi-view calibration is in general
heavier than that of two-view calibration due to DLT and bundle adjustment. In
practical, the multi-view calibration algorithm is usually applied when there is
strong support from powerful computer or server. For the hand held devices such as
mobile devices at the client side, we usually choose a two-view calibration algorithm
to implement.



2.3. Fundamentals of 3D Geometry 23

2.3.2 Geometry Constraints

For two sets of 3D points which correctly establish correspondences, we call it
as a set of 3D correspondences. The geometry constraint describes the consistent
geometric model among the 3D correspondences or their projections on the 2D
images. For the 3D correspondences in the 3D space, the geometric model is defined
by the 3D transformation between two sets of 3D points, known as full 3D object
transformation or Helmert Transformation [Wat06] [LF13]. For their projections on
the 2D images, the geometric model of the 2D correspondences is defined by 2D
affine transformation, known as Epipolar transformation.

The geometry constraints have been widely used in applications of multi-view
imagery. Since it describes a consistent geometry model between view correspon-
dences, it can be used to distinguish the outliers from the preliminary matched
correspondences, the so-called geometric verification. The preliminary matched cor-
respondences are usually established by measuring the Euclidean distance in de-
scriptor spaces which might contain the geometric inconsistent correspondences,
known as outliers. Using the robust estimation methods such as RANSAC [FB81],
the consistent model can be obtained reliably. Thus, it removes the outliers from
the inliers based on the geometric constraints. On the other hand, by estimating the
2D or 3D transformation given by the geometric constraints, it provides an efficient
way to calibrate cameras as we have mentioned in Sec. 2.3. Besides, the image rec-
tification can also be implemented by knowing the epipolar transformation which
is an important step for applications such as depth estimation and virtual view
rendering [Mor09].
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Figure 2.7: 2D and 3D geometric constraints.

2D Constraints - Epipolar Transformation

The easiest way to explore the geometric constraints is studying the point cor-
respondences on 2D images. The 2D constraint which is usually called Epipolar
transformation describes the geometric constraint between the image coordinates
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of two camera views [LH87]. It can be expressed as [LF95]:

(x2 y2 1) F1,2

 x1

y1

1

 = 0, for all correspondences, (2.3.7)

where (x1, y1) and (x2, y2) are the image coordinate of point correspondences in view
1 and view 2, F1,2 is a 3×3 matrix, which is known as fundamental matrix between
view 1 and view 2. It contains all information of two cameras, including intrinsic
and extrinsic information. One example of Epipolar transformation is shown in
Fig. 2.7(a).

To obtain the fundamental matrix, it essentially needs to find the least square
solution of a constrained optimization problem:

min
F1,2

K∑
k=1

(
qT

k F1,2 pk

)2 (2.3.8)

s.t. rank(F1,2) = 2, (2.3.9)

where point pk and qk establish a point correspondences with pixel position (xp
k, yp

k)
and (xq

k, yq
k), K indicates the number of correspondences. The constraint is imposed

by the singularity constraint rank(F1,2) = 2 [Car07]. To solve this problem, many
efficient algorithms have been developed, including the famous eight-point algo-
rithm [Har97] [HZ04].

Besides, several issues of 2D geometric constraints are needed to be considered.
As we mentioned before, the RANSAC based methods may be used to distin-
guish the outliers from the inliers by exploiting statistical consensus of the Epipo-
lar transformation. However, the speed of the algorithm depends heavily on the
computational complexity of RANSAC. One fast geometric ranking method has
been proposed in [TCT+10]. It evaluates the geometric consistency by exploiting
the geometric similarity between matched features. This could be considered as
a replacement and compensation of Epipolar constraints. On the other hand, for
the points correspondences appear in multiple images, known as multi-view cor-
respondences, the Epipolar constraint need to be extended to multi-view images
to accommodate the relationship among correspondences in all views. One Epipo-
lar geometry-based transformation has been studied to describe the 2D geometric
relationship among multi-view correspondences, known as multi-view fundamental
matrix [LW03] [LLF14].

3D Constraints - Helmert Transformation

The 2D Epipolar geometry has provided us a model to describe the relationship
of point correspondences in 2D images. However, as the 2D correspondences are
essentially the projection of 3D correspondences from 3D space, the reduction of
dimensionality might cause the loss of information. In particular, the projection
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Figure 2.8: Ambiguity of 2D geometric constraints.

from 3D space to 2D image will naturally loss some geometric information, such as
the depth information. Thus, the ambiguity due to missing of depth information
might finally challenge the 2D geometry. One example has been shown in Fig. 2.8.
From the perspective of 3D geometry, the feature points on the left image are
located on a flat planar since it is from a “picture of picture”. However, the feature
points on the right image are located on a full 3D object.

To solve this problem, the so-called seven-parameter Helmert transformation
provides a geometric model to establish the geometric relationship among the
3D coordinates in 3D space. One example of Helmert transformation is shown in
Fig. 2.7(b). For a set of correct 3D correspondences, we use Helmert transformation
to describe the relationship between the 3D world coordinates of correspondences
sets W1 and W2:

P⃗1 = s Φ P⃗2 + t⃗, (2.3.10)

with P1 and P2 are the 3D coordinates with [X, Y, Z] components, P⃗1 ∈ W1 and
P⃗2 ∈ W2, where s is the scale parameter in R+, Φ the rotation matrix in R3 and t⃗
the translation parameter in R3. By using it as the geometric model, the geometric
relationship among correspondences can be established in 3D space which improves
the reliability of geometric matching.

The seven-parameter Helmert transformation can be determined by finding the
least squares solution using the Hanson-Norris method [HN81] with at least three
correspondences between world coordinates. To robustly estimate the transforma-
tion, it is integrated into the RANSAC procedure to find the sample consensus.
Similar to 2D RANSAC, its associated computational complexity problem has been
addressed, a fast algorithm has been explored to compensate the expensive compu-
tational cost [MWLF15a].
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2.4 Open Problems of Rendering, Compression, and Visual
Search

In this dissertation, our discussion of feature-based image processing is mainly con-
cerning two visual communication systems. In this section, we present the schemes
of these two systems and explain the importance and relationship of them. To fur-
ther investigate these two systems, three open problems related to the rendering,
the compression, and the visual search are addressed and motivated, as they are
the main driving force of feature-based image processing and communication.

2.4.1 Two Multi-View Visual Communication Systems
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Figure 2.9: Two visual communication systems.

To motivate the topic of feature-based image processing, we selectively study
two multi-view visual communication systems. The first one is content-adaptive
coding and free-view rendering system which is shown in Fig. 2.9(a). The second is
mobile 3D visual search system which is shown in Fig. 2.9(b).

• The first system is a multi-view video communication system. We address
the problem of how to improve the free-view rendering performance by using
feature-based image processing for both coding and rendering.

• The second system is an image feature-based communication system. We ad-
dress the problem of how to improve the identification performance by using
feature-based image processing method.

From the perspective of delivered media, the first system communicates by con-
ventional video contents, while the second system only uses image features for the
purposes of communication and identification. In following, we address three main



2.4. Open Problems of Rendering, Compression, and Visual Search 27

problems in these two systems, namely rendering problem, compression problem,
and visual search problem.

2.4.2 Rendering Problem
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Figure 2.10: Example of multi-camera arrangements, coverage and resolution dis-
tribution.

We address the rendering problem in the background of free-view sports events,
in particular the user-defined soccer video. It introduces the concept of live free-
viewpoint content which provides rich and compelling immersive experiences by
allowing remote viewers to place a virtual camera in a real live-action scene and
move it freely in space and time, heightening their sense of presence and reality.
In this dissertation, content-adaptive rendering and coding are addressed in the
scheme as shown in Fig. 2.9(a).

In this scenario, the sports events are captured by an array of fixed high-
definition cameras which provide multi-view video sequences. The imagery is then
used to provide a free-viewpoint networked experience. One example of multi-
camera arrangements in real field has been shown in Fig. 2.10. The distance be-
tween adjacent cameras is larger than 10 meters which leads to different lighting
conditions and occlusions. The coverage is measured by computing the area that is
captured by the given camera arrangements. The shaded areas illustrate coverage
areas for each camera. The resolution relates to the quality of details in the images
and is usually measured in pixels per meter. A resolution of 10 pixels per meter
means that 10 pixels are used to represent 1 meter in the real world. We measure
the resolution of a plane at one meter above the ground. Note that the resolution in
the penalty area is relatively high with more than 100 pixels per meter. Therefore,
for the free-viewpoint rendering, in particular refers to virtual view interpolation,
several problems has to be addressed.



28 Background

Large Baseline

The large distance between adjacent cameras introduces problems of different light-
ing conditions and occlusions for free-viewpoint rendering. For view interpolation,
it utilizes two or more corresponding pixels from existing views to estimate the
location and appearance of virtual view. The different lighting conditions challenge
the methods for finding correspondences and estimating the virtual view. The oc-
clusions challenge the warping processing due to the information of certain part of
the view is missing.

On the other hand, the large baseline is relative to background and foreground
scenes which depends on their geometry. As shown in Fig. 2.10, the static content
captured by an array of static cameras in a soccer stadium, comprising mostly of
areas depicting the field and the background objects, is varying slowly over time and
its piecewise structure can be utilized to efficiently generate geometric models for
virtual view rendering purposes. The dynamic foreground contents, i.e., the players,
are relatively small due to far distance and with large human motion. From the view
of visual perception, the players attract the more attention than the background
contents. Thus, a fast and reliable player separation method is desirable which
distinguishes the players from the background. With this method, the interference
between content items can also be reduced. From the perspective of feature-based
image processing, by exploiting the spatial correlation among multi-view image
features, we can efficiently locate the content items and separate the players from
the static background.

Visual Consistency

To enable a free-viewpoint experience, Depth Image Based Rendering (DIBR) is a
widely used technique which utilizes one or more reference texture images and their
associated depth images to synthesize virtual camera views [Feh03] [MFFT08]. How-
ever, due to the large baseline scenario for soccer video and occlusion problems, the
accuracy of generated depth imagery is relatively low and the computational com-
plexity is high. Additionally, conventional pixelwise depth estimation approaches
usually utilize pairs of reference views instead of considering multiple views jointly.
This leads to poor global consistency among all reference views.

To address this problem, we need to assign approximate geometric models to all
available views. Thus, the smoothness and texture continuity of the content items
guarantees better visual experience. Additionally, any required depth image can be
generated easily by projecting the globally consistent geometric model onto a 2D
image plane. To determine the geometric model, the feature-based image processing
provides a shortcut to estimate the parameters of geometric model in a sparse and
reliable way.
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Optimization-Minimizing Rendering Distortion

From above discussion, we aim to improve the quality of free-viewpoint rendering
by using the geometric model in a large baseline scenario. Therefore, for each pixel
in each view image, there are two sets of parameters associate with it. The first set
is the parameters of the geometric model which determine the pose of geometric
model, denoted as E . The second set is the geometric hypothesis of pixel which
indicates the pixel is belong to foreground or the background, denoted as H. With
assigning the parameters E and H, the geometric information of pixel p is deter-
mined. Thus, we are able to warp it to the corresponding pixel position p̃ in other
view image.

With that, we construct a cost function to measure the rendering distortion. The
cost function aims to minimize the free-viewpoint rendering distortion by assigning
the right model parameters and hypothesis. Thus, the parameters of the geometric
model and the hypothesis assignments of the object are determined by minimizing
the cost function with multi-view jointly.

min
H,E

Ep

{
1
N

N∑
i=1

∥Vt(p) − Vi(p̃H,E)∥2

}
, (2.4.1)

where N is the number of views, Vt(p) is the intensity of image at view t and Vi(p̃H,E)
the intensity of image at view i of corresponding pixel position p̃. We use the squared
ℓ2-distance to measure the rendering distortion as it is the natural criterion for
energy which is sensitive to human perception. By solving the optimization problem,
the optimal geometric model is obtained and rendering distortion is minimized.

2.4.3 Compression Problem
The video compression is another important aspect for a multi-view video com-
munication system. We address the compression problem in the same scheme as
the free-viewpoint rendering in Fig. 2.9(a). Together with free-viewpoint render-
ing approach, the coding scheme need to guarantee the efficiency of overall system
as well as maximize the free-view user experience by adapting to varying network
conditions.

Overall Coding Strategy

To guarantee the overall performance of a multi-view video scheme, an overall
coding strategy should consider the coding efficiency, complexity, and real-time
implementation. Usually, there are trade-off among these factors. To determine the
coding strategy, it is necessary to analysis the real field scenario and explore several
existing solutions.

For a multi-view video scheme, there are two frameworks to encode multiple
video sequences, known as Multi-View Video Coding(MVC) as we mentioned in
Sec. 2.1.4 and simulcast coding:
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• Multi-view video coding: As we discussed in Sec. 2.1.4, multi-view video coding
has been known as a compatible extension of H.264/AVC [WSBL03] and
HEVC [SOHW12] [BHO+13]. In generally, this framework encodes multiple
video sequences together by utilizing the inter-view correlation. For the video
capturing, it uses a very dense multi-camera arrangement that the distance
between two cameras are only a few centimeters [VWS11]. For a large baseline
scenario, the coding efficiency degrades along with the decreasing of inter-view
correlation.

• Simulcast coding: Each camera view is encoded individually in the setups of
simulcast coding. The advantage of simulcast coding is the low complexity
for multi-view coding. On the other hand, it does not exploit the correla-
tion among the views. Our choice of selecting simulcast coding is based on
the following two factors. First, the difference between the viewpoints of two
neighboring cameras is large. Thus, the temporal correlation among tempo-
rally consecutive frames is more significant than the inter-view correlation
among neighboring views. In that sense, the overhead that is necessary to
exploit the additional inter-view correlation may decrease the overall coding
performance [LF11a] [Mor09]. Second, the coding flexibility is considered that
the capability of random access is highly important. The complexity of jointly
encoding multiple views may limit the flexibly of random access significantly.
Contrarily, free view synthesis appears to be more flexible with simulcast
streams.

Another important feature of multi-view soccer video is that the soccer events
are captured by an array of fixed high-definition cameras. The background objects,
like stadium and soccer field, are relatively static and where foreground objects, like
players, are mostly dynamic. That allows us to use the techniques of content-based
video coding [WA94] [CN97] [CCC+03] [KKKS08]. Note, the similar idea has been
applied to free-viewpoint rendering as we mentioned in Sec. 2.4.2. Thus, the content-
based coding is compatible to overall coding and rendering scheme. Moreover, the
separate encoding of static and dynamic parts increases the flexibility of the data
stream, limit the data rate, and facilitate efficient rendering on the client side.

Motion Estimation

With the analysis of specified scenario, the efficiency of the overall system gets
benefit from the content-adaptive coding in a simulcast video coding framework.
To further improve the efficiency, the inter-view similarity needs to be exploited for
multi-view video coding.

In content-adaptive coding, to separate the static and dynamic content items,
we need to know the position of the dynamic items in the image. With the po-
sition information, we extract a rectangular region for each dynamic item. Each
region defines a dynamic content item and results in an individual image sequence.
Compared to the classic video coding which using pixel-wise motion, the position
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information in content-adaptive coding presents a dominant motion of each content
item. The dominant motion provides a high-level analysis of the video scenes, in-
cluding the geometric relationship among objects in the video sequences. From the
perspective of computer vision, the dominant motion can be understood as tracking
information of the dynamic content items.

The conventional motion estimation method investigates the motion information
in temporal frames [FG03a]. To exploit the inter-view correlation, the feature-based
motion estimation methods can be applied to estimate the motion in temporal and
inter-view jointly, which is also known as multi-view cooperative tracking method
in our earlier work [LF12c]. Thus, the inter-view correlation is bridged by using the
feature-based motion estimation method.

Static Content Coding: Predictive Coding vs. Transform Coding

With the feature-based motion estimation, the static and dynamic content items are
separated for each input view sequence, resulting in one static content subsequence
and several dynamic content subsequences. The static content, having the same
data volume as the input video, comprising mostly of areas capturing the field and
the background, is varying slowly over time. Thus, an efficient coding method for
static content plays a curial role in overall performance of video coding.

In general, two video coding frameworks are listed as candidates to achieve this
work, known as predictive-based video coding and transform-based video coding:

• Predictive-based video coding: In many predictive-based video coding schemes,
in particular of a close-loop fashion, it predicts current sample by subtract-
ing a prediction from the previous sample, and quantizes the residual of the
prediction [MF98]. One of classic encoder is referred to as Differential Pulse-
Code Modulation (DPCM) [Cut52]. The previous samples could be fetched
from the immediate neighborhood, known as intra-frame coding, or from the
temporal frame, known as inter-frame coding. The more complicated predi-
cation modes have been well studied and applied widely in video codec such
as H.264/AVC or HEVC.

• Transform-based video coding: In practical, it usually combines the motion
compensation from predictive coding and multi-resolution signal decompen-
sation from transform coding [VK95] [MC99] [Goy01], also known the hybrid
video coding. There are two close categories in transform coding, namely
wavelet coding and subband coding.

- Wavelet coding: It permits the frequency separation of the signal by re-
cursively applying the discrete wavelet transform to the low-pass band.
To achieve that, it can be implemented by using lifting scheme or convo-
lution [Mal08]. In general, the lifting scheme is more favorable since
it allows the integer transformation in video coding [Swe95] [Swe98]
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[DS98]. The practical usage of wavelet coding can be found in embed-
ded zero-tree wavelet algorithm [Sha93], Set Partitioning in Hierarchical
Trees (SPIHT) coding [SP96] and Embedded Block Coding with Optimal
Truncation (EBCOT) for JPEG2000 image codec [Tau99] [TM01].

- Subband coding: It represents the input sample as a linear combination
of basis functions, such as Karhunen-Loève-Transform(KLT) [GG91].
From the signal theory, the biorthogonal transforms as well as orthonor-
mal transforms can achieve perfect reconstruction in the scheme of fil-
ter bank [GT88]. In particular, the subband transforms which use the
orthonormal basis, have three important features, namely energy com-
paction, decorrelate the transform coefficients, and energy conservation.
These nice properties inspired the idea of introducing subband coding
to video coding [VK95]. Based on the scheme of subband coding, sev-
eral practical image and video coding methods have been proposed, in-
cluding Motion-Compensated Temporal Filtering (MCTF) in 3D sub-
band coding [Ohm94] [CW99], temporal subband coding using the lift-
ing scheme [PPB01] which guarantees the perfect reconstruction by using
reversible lifting structure, and Motion-Compensated Orthogonal Trans-
forms (MCOT) [FG06] which makes the transforms independent of the
signal.
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Figure 2.11: Signal model of predictive and transform coding.
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As the dominant motion has been estimated and compensated by the feature-
based method, the co-located pixels in successive frames in background scenes usu-
ally refer to the same part of an object which we call it ideal motion. For this
scenario, the successive frames can be modeled as the same clean picture adding
different noises [FG03b] [FG10]. A theoretical signal model of ideal motion in two
frames has been shown in Fig. 2.11. Assume the noise n1 and n2 in frame 1 and
2 are statistically independent, with energy σ2

n1
and σ2

n2
. Due to the prediction,

the predictive coding propagates the noise n1 from I-picture into P-picture, leading
to noise energy in I-picture as σ2

nI
= σ2

n1
and in P-picture σ2

nP
= σ2

n1
+ σ2

n2
. For

the transform coding, the noise energy is not amplified that the noise energy in
low-band as σ2

nL
= σ2

n1
and in high-band as σ2

nH
= σ2

n2
.

From that viewpoint, the transform coding outperformances the predictive cod-
ing. Moreover, the static properties of the background scene promise that the energy
of the input frames is accumulated in the temporal low-band while the temporal
high-bands carry only very small amounts of energy [TPPS05] [GH05] [Fli09]. Thus,
the temporal subband coding schemes are good candidates for this scenario. With
that, high coding efficiency at low computational complexity can be achieved by
using the feature-based motion-compensated temporal subband coding.

Optimal Rate Allocation

The classic rate-distortion theory solves the problem of minimizing the possible rate
of lossy source coding, subject to a constraint on distortion, or vise versa [Ber71].
In our problem, we are facing to solve a problem of minimizing a weighted sum of
distortion, subject to a constraint on overall rate limitation.

As the dynamic and static content items are encoded separately, we need to
optimize the rate allocation among content items. The statistical properties of dy-
namic and static items differ significantly and warrant a distinction when coding
the multi-view video signals. Thus, we exploit the properties of static and dynamic
parts and construct a rate distortion model for optimal bitrate allocation. With
that, we aim to maximize the overall rate distortion performance of the content-
adaptive coding scheme

min
k∑

i=1
wiDi (2.4.2)

s.t.
k∑

i=1
Ri ≤ R∗, (2.4.3)

where k is the number of content items to encode, Di distortion of each content
item, Ri source coding rate of each content item, wi weight of each content item
and R∗ total bandwidth available. By minimizing the weighted sum of distortion
with respect to source rate constraint, we are able to optimally allocate the bitrate
among content items.
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On the other hand, the temporal subband coding also raises a problem of bitrate
allocation among different subbands. It has the same form as the problem expressed
in (2.4.3). Here, the source coding rate Ri and distortion Di is regarding the coding
performance of the i-th temporal subband. Therefore, by solving the rate distortion
problem for both content-adaptive coding and temporal subband coding, the rate
allocation among content items as well as temporal subbands can be determined.

2.4.4 Visual Search Problem
The visual search has its roots in human perceptual system which involves compli-
cated processes of perceptual acquisition, brain biology, and cognitive psychology.
Generally speaking, it aims to achieve a recognition task by visually percept the ob-
ject and target the cognitive objectives among the distractors. In this dissertation,
we study the Mobile Visual Search (MVS) that the acquisition is received from the
mobile devices and the cognitive process is achieved by the communication between
client and server.

The setting of mobile visual search gives us a large space to simulate the human
brain activities by using signal processing and communication methods. A general
system of mobile visual search has been shown in Fig. 2.9(b). Basically, the query
is obtained by one or more images from the client. The important information is
extracted and encoded for network transmission. Once the query information is
received by the server, it matches against the database to obtain the identification.
Finally, the identification information is sent back to the client.

Visual Information vs. Geometric Information

Current mobile visual search applications use the visual information for identifica-
tion of the objects. The visual information, as we discussed in Sec. 2.2 are carried
by the visual features and implemented in the bag of words scheme. To improve
the performance, there are several strategies to employ.

• Using more representative features, which naturally work since the enhanced
features have better quality and more robust for matching [Low04] [BTG06].

• Using rate-distortion friendly features or progressive matching methods, which
provides an efficient way for client-server communication [CTC+12] [CTT+10]
[LF13].

• Improving the data structure, quantization method, and making a smart
matching strategy at the server database [LLF14] [Li02] [OG04] [DRS11].

In summary, many attempts aim to extract more useful visual information from the
features or manage the visual information more efficiently. However, most of these
attempts are based on a single view system that the single view image feature only
contains the appearance information of the object.
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Back to human perceptual system, it is easy to accept the truth that a two view
perceptual system works better than a single view system in visual search. One of
the important reason is the two view system provides the geometric information
of the object. The geometry allows us to obtain the geometrical properties of the
object by knowing the depth information. Based on it, the shape information such
as width and hight can be sensed, which is well studied in multi-view geometry as
discussed in Sec. 2.3.

However, how to efficiently use the geometry information in mobile visual search
is a curial problem. A full object model contains the full volumetric information of
the objects, leading to high amount of data volumes. This challenges the communi-
cation system of mobile visual search. Rather than that, using the sparse geometric
information looks promising to the communication constraint.

To obtain the sparse geometric information, the method of visual sensor fusion
on multi-view image features provides a reliable way. With that, the single view
feature is extended to multi-view features with the 3D geometric information. By
encoding the 3D geometric information into the feature descriptor, the visual ap-
pearance as well as the underlying 3D geometric information can be utilized for
mobile visual search.

Rate-Constrained Identification Problem
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Figure 2.12: Trade-off between probability of identification and data rate of query.

Visual information transmission is a prime problem to address in visual search.
Like the perceptual communication between eye acquisition and brain activities over
the neural network, the information transmission in mobile visual search is over the
wireless links. This naturally brings us a question of how to efficiently commu-
nicate between client and server. In particular, we consider the trade-off between
compression and search accuracy in mobile visual search. A general formulation of
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the problem is expressed as

max PI

s.t. R ≤ R∗, (2.4.4)

where PI indicates the probability of identification which reflects the search accu-
racy, R the data rate of query and R∗ available bandwidth. A example of trade-off
between probability of identification and data rate is shown in Fig. 2.12.

The expression in (2.4.4) clearly shows that a rate-identification optimization
system should consider the query and server side jointly. However, it is not easy to
achieve the joint optimization in practical. Instead, there are two classes of attempts
to optimize the query and server side individually, namely rate-distortion optimiza-
tion of query [CTC+12] [LF13] and identification via compressed database [AYZ97]
[OIW13] [OIW14] [IW14].

d(x, x)^

d(x, x)^
d(x, y)

d(x, y)

^

^x

x

x

y

Figure 2.13: Illustration of the relationship among distortions. The figure is taken
from [IW13].

• Rate-distortion optimization of query: Considering the query side, the simi-
larity between rate-identification problem and rate-distortion problem implies
the rate-identification problem has countless connection to the rate-distortion
problem. Practically, improving the rate-distortion performance of query in-
formation can significantly improve the identification performance. For the
image-based mobile visual search, it has been shown that the identification
performance has been monotonically improved by using higher rate of JPEG-
compressed images [GCGR11]. For the feature-based mobile visual search, us-
ing the rate-distortion flexible feature descriptors, such as CHoG [CTC+12],
can reduce the data rate by factor 20 when compared to that of the un-
compressed SIFT descriptors on the similar identification level. Using the
rate-constrained feature selection to produce an embedded representation
of query features also shows a rate-distortion friendly performance of rate-
identification [LF13].

• Identification via compressed database: The theoretic perspective of the iden-
tification via compressed data have been studied in [AYZ97] for discrete
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sources, lately in [OIW13] [OIW14] [IW14] for Gaussian sources. Some practi-
cal schemes for database compression have also been studied [WO08] [WSB98]
[RR07]. In the basic setting, it denotes the information stored in server as a set
of sequences {x1, . . . , xi, . . . , xM }. To manage the sequences in a compressed
database, each sequence is encoded into a short representation T (xi). For an
uncompressed query sequence y, the database needs to answer the question
that what sequences in the database are close to the sequence y. As illustrated
in Fig. 2.13, it needs to studied three kinds of distortions:

- The distortion d(xi, x̂i) between original sequence xi and reconstruction
sequence x̂i. This depends on the compression rate of representation
T (xi).

- The distortion d(y, x̂i) between query sequence y and reconstruction se-
quence x̂i. It is used to determine if y and xi are close.

- The distortion d(xi, y) between original sequence xi and query sequence
y. This is the distance between clear signal xi and y.

If d(y, x̂i) > d(xi, y) + d(xi, x̂i), one can safely declare that xi and y are not
similar. The theoretic analysis indicates the similarity between query sequence
and database information is important to investigate. That gives us the a rate
limitation on compressing database information into short representations.

With above thoughts, we consider the query and server side jointly. To explore
the mutual relationship between encoded query and database, we extend the idea
of above two classes. We consider that the compression of query has two impacts
on identification. The first impact is from rate-distortion of query as we discussed
in first class of optimization. The second impact is from the similarity among the
query and database items. Thus, we define two kinds of similarities, namely query-
database similarity and database-database similarity:

• Query-database similarity: For mobile visual search application, a valid query
item has one corresponding mapping in the database, known as matched item,
and has a set of similar items, known as ranking list. Intuitively, if the query
is close to its correspondence in the database, a low rate coding of query is
sufficient to tell the mapping between query item and its corresponding item
in database. In other words, if the corresponding item in database has very
fine representation or multiple descriptions which let it be matched with query
robustly, we are able to save the bits on encoding of the query. One attempt
from our earlier work is using the multi-view images to provide sufficient
descriptions for each item in database [LF13] [LLF14].

• Database-database similarity: If the database items are quite close, the query
requires higher rate coding to distinguish the corresponding item from the
other similar items. Thus, discriminating the database items and enlarging the
deviation among database items allow us using a lower rate to encode query.
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To enable that for mobile visual search, some attempts such as exploiting
the geometric information and hierarchical structured database are useful to
discriminate the items in database for achieving a lower coding rate of the
query [LF13] [LLF14] [MWLF15b].

These similarities among query and database may inspire new insights for improv-
ing the performance of rate-constrained identification. It reveals the fact that the
optimal rate-identification tradeoff can be achieved only if the client and server are
optimized jointly.



Chapter 3

Free Viewpoint Rendering

“Am I a man who dreamt of being a butterfly,
or am I a butterfly dreaming that I am a man?”

— Chuang-Tzu, Chinese philosopher

This Chapter studies a hypothesis-driven free viewpoint rendering approach
based on 3D model hypotheses for soccer video. The objects in the scenes are
modeled by piecewise geometric models. By assigning model hypotheses to

each image pixel, we can measure the fitness of each model by using a cost function.
The cost function aims to minimize the free viewpoint rendering distortion by
assigning the best model hypothesis. Thus, the parameters of the geometric model
and the hypothesis assignments of the object are determined by minimizing the
cost function over multiple views jointly. By knowing the hypothesis assignments
and the parameters of the geometric models, we can improve both subjective and
objective quality of free viewpoint rendering1.

3.1 Introduction and Related Works

In recent years, the development of user-defined soccer video has raised the interest
in content-adaptive coding and rendering [NNHSW05] [LF11a] [LF12b], which allow
users to access content items freely and efficiently. Envisioned services will provide
a rich and compelling immersive experience by allowing viewers to place a virtual
camera in a live-action scene and move it freely. However, the multi-view video data
captured by multiple cameras consequently increases the data volume significantly.
Thus, efficient processing at lower computational complexity is needed to handle a
large amount of data for high-quality real-time view synthesis.

1This work was supported in part by the European Commission in the context of the project
ICT-FP7-248020 “FINE – Free-Viewpoint Immersive Networked Experience”.

39



40 Free Viewpoint Rendering

3.1.1 Background and Foreground Separation
For the content-adaptive rendering, a fast and reliable player separation method is
desirable which distinguishes the players from the background for feasible coding,
rendering and tracking purposes [KKO03] [DDV09]. To separate dynamic contents
from background content, we need to utilize the different statistical features be-
tween dynamic and static content. The statistical features can be divided into three
classes:

• First class uses color or texture features [JSS02] [BK04]. They essentially use
statistical distributions to model the color of the scenes and separate different
color models using optimization algorithms such as graph cut [BK04].

• The second class uses temporal features to detect the movement of the ob-
jects [MW97] [SOLD06]. They assume that the background pixels are static
over time while the foreground pixels can vary.

• The third class uses spatial features to segment multiple views jointly [KTS98]
[ZQ04] [XWTQ07] [QWTY07] [CVHC10].

As we are addressing the problem in a multi-view scenario, we expect to exploit
the spatial features to improve the separation efficiently. Some previous works utilize
spatial features for multi-view joint segmentation [ZQ04] [QWTY07] [XWTQ07].
The main idea of these approaches is that some objects can be easily sparable in 3D
space as well as some are clearly cut out by image boundaries in 2D image space.
This links the 2D image pixels or patches to the cloud of 3D points. In particular,
the multi-view image patches can be grouped by applying clustering methods. In
that scene, graph-based algorithms such as sparse affinity propagation [XWTQ07]
can be developed and optimally propagate to final segmentation results. However,
these approaches come usually with high computational complexity due to lack
of prior information of the scene. Moreover, these approaches work in the narrow
baseline scenario that requires sufficient overlapping between every two adjacent
views. However, that condition is difficult for multi-view broadcasting soccer video
where the distance between two cameras can be up to 10 meters.

From the perspective of projective geometry, a 3D volumetric graph-cut method
has been proposed in [CVHC10] which determines the voxel occupancy in the 3D
space. Thus, it offers the advantage that the silhouettes are consistent in all view
images. It assumes that the object of interest is located at the center of the cam-
era view and sets it as a seed to start the propagation. Alteratively, the volumetric
graph-cut can also be based on multi-view pixels rather that the grid voxel [LWB11].
It defines a shape prior to model the dependencies between pixels in multi-view im-
ages. Then, it uses joint probabilities to specify the relationship between background
and foreground model given the pixel observations. Therefore, the inference of sil-
houettes can be obtained by knowing the joint probability. One can notice that the
scenes are treated as an unknown background as well as no prior geometric infor-
mation is given for the foreground. In the soccer video scenario, we can utilize the
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prior geometric information of foreground and background to realize an efficient
implementation.

In our earlier work [LF12a], we render free viewpoint soccer video from multi-
view images by using 3D model hypotheses. We use a hyperplane model for player
modeling and a collection of piecewise geometric models for background modeling.
To determine the assignment of each pixel in the image plane, we test it with
background and foreground model hypotheses. We construct a cost function that
measures the fitness of model hypotheses for each pixel. However, we model each
player by using a hyperplane in 3D space which is perpendicular to the plane. It
is efficient for real-time implementation as the model is quite simple. However, the
volumetric information of the player can not be preserved by the planar model.
On the other hand, the cost function had not driven the relationship between the
selection of a geometric model and the quality of free viewpoint rendering.

3.1.2 Player Geometric Models
In multi-view camera arrangements, 3D models are desirable to represent players.
Existing methods for player modeling can be classified into two classes:

• Voxel-based: The first class uses 3D grids of voxels to implement a full 3D rep-
resentation of the player, referred to as voxel-based modeling [SD97] [KTS98].
The rendering quality of this method is usually good, especially for close view
scenarios. However, the computational complexity of this method is very high
and challenging for real-time applications.

• Planar-based: The second class uses a billboard (planar) model to approxi-
mate the player, referred to as planar-based modeling [KKO03] [LF12a]. This
method can be implemented in real-time and is robust to noise, however, with
lower rendering quality. But as the players are relatively small in each view,
the artifacts caused by the planar model are negligible.

The geometric information in the models allows for efficient free viewpoint render-
ing [LF12b]. Due to the smoothness properties of the geometric model, a smooth
navigation experience can be achieved. On the other hand, the coding of the geo-
metric parameters also guarantees a high coding efficiency when compared to that
of depth image coding.

To balance the computational complexity and quality of rendering, we propose
an approach of using the elliptical cylinder model to model the player. As shown
in Fig. 3.1, we use the elliptical cylinder model to characterize the geometric prop-
erties of the players. Comparing to the hyperplane model we used in [LF12a], it
can preserve the volumetric information of the player better. The parameters of
the geometric model can be estimated by using the reliable image features. The
multi-view image features can be used for player tracking and background model-
ing [LF12c] [LF12b]. Now, these features can be efficiently reused to estimate the
parameters of the elliptical cylinder models.
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The remaining part of this chapter is organized as follows. Sec. 3.2 introduces
the preliminaries for the hypothesis-driven free viewpoint rendering, including the
geometric models, definition of 3D model hypothesis and cost function for individual
pixels. In Sec. 3.3, we derive a framework to minimize the rendering distortion
based on the multi-view model hypotheses. With that framework, we develop an
iterative algorithm to optimize the free viewpoint rendering. The implementation
issues such as incorporate with temporal information, player shadow problems and
multiple objects separation are discussed in Sec. 3.4. The verification of algorithm
and the comparison between our algorithm and reference algorithm are in Sec. 3.5,
followed by a short conclusion.

3.2 3D Models and Hypotheses

In this section, we introduce 3D geometric models for player modeling. Based on it,
we define of the 3D model hypothesis and discuss the cost function for measuring
the fitness of model hypothesis.

3.2.1 Multi-View Geometric Models
The multi-view scenario allows the underlying 3D information of each object be
used for free-view rendering purposes. We assume the scenes of the soccer events is
captured by multiple high-definition cameras and the cameras are calibrated with
sufficient accuracy. The distance between adjacent cameras is larger than 10 meters.

For each object, we assign a model according to its geometric properties. The
selection of geometric model depends on the objects and scenario of application. A
complex model is good enough to capture the geometric properties. However, the
computational complexity increases rapidly. On the other hand, a simple model can
be implemented in real-time, but with low rendering quality.

Background and Foreground Models

As we aim to study the free-view rendering for soccer video, we need to select a
suitable geometric model for each object. We divide the soccer scenes into static
background and dynamic foreground items [LF11a]. The background content com-
prises mostly of areas depicting the field and the background objects, is varying
slowly over time. Therefore, piecewise geometric models are often used to model
the background contents of the soccer video. We model the background contents as
a collection of piecewise geometric models. More precisely, the goal is characterized
by an assembly of 3D planar models; the grandstand is modeled by a non-planar
model and the soccer field is modeled by a cylindrical surface [LF12b].

For the dynamic content item, the selection of geometric model is depending on
the pose of each player. Since the dynamic part (i.e., the players) are relatively small
in each view, we assume a rigid body for each player. To preserver the volumetric
information of the player, we choose a elliptical cylinder as the volumetric model.
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Figure 3.1: Elliptical cylinder model for player modeling with the center coordinate
(x0, y0).

We model the player as an elliptical cylinder as shown in Fig. 3.1 which is
perpendicular to the plane at Z = 0:

E(a, b, ϕ, x0, y0, g) ⊂ R3, E⊥{(X, Y, Z)|Z = 0}. (3.2.1)

where (a, b, ϕ, x0, y0, g) are the parameters of the model, a is the length of major
axis, b is the length of minor axis, ϕ is the orientation of the elliptical cylinder,
(x0, y0) is the center of the ellipse and g is the height. We use the major axis a to
represent the trunk of the body, while the minor axis b indicates the volumetric
information of the trunk. The parameter ϕ describes the orientation of the trunk
with respect to the axis of the coordinate.

Estimation of Model Parameters

As we use the geometric model to for each player, the model can be obtained by
knowing the parameters. To calculate the model parameters, we can efficiently use
the 3D SIFT features [LF12a]. In our earlier work, we utilize the 3D SIFT features
for multi-view cooperative player tracking [LF12c]. With the tracking information,
we can extract the rectangular region for each player in different views. Then, we
extract the SIFT features from multi-view images and match the correspondences
jointly. An example is shown in Fig. 3.2.
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Figure 3.2: Multi-view SIFT correspondences.

Each feature correspondence relates to the same 3D point in the scene. With
knowing the camera calibration parameters, we are able to calculate the 3D coor-
dinates of the feature points. We define the set of 3D coordinates of player as Q. It
essentially contains the pose information in a sparse representation and then can
be used to fit the geometric model. Fig. 3.3(a) demonstrates the 3D coordinates of
SIFT features in Fig. 3.2.
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Figure 3.3: Distribution of 3D SIFT features. The subplot(a) shows the 3D feature
set Q in the world coordinates and the projection on the Z = 0 plane. The subplot
(b) and (c) show a example of using ellipse to fit the sparse features.

As we have multiple parameters of the elliptical cylinder model, the estimation
can be simplified by following a heuristic way. The length of major axis a indicates
the width of the trunk. For our model, it measures the distance between two open
arms which is usually equals to the height of the human. Therefore, we assign an
empirical value a = 1.8 meter since 1.8 meter is close to the average height of the
football player. For the parameter b, it mainly measures the thickness of the chest.
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Therefore, we assign b = 0.3 meters to this parameter. For the parameter g, as it
measures the height of the player, we assign g = 2 meters to this parameter.

With the parameters a, b and g, we are able to define a standard elliptical
cylinder. Thus, the orientation ϕ and center (x0, y0) are the unknown parameters
to determine. As we assume the elliptical cylinder is perpendicular to the plane, we
project the 3D features to the plane at Z = 0 as shown in Fig. 3.3(a). We define
the projection Qz=0 as a set of (X, Y ) coordinates of features in Q. As we model
the body of the player by using a elliptical cylinder, we assume the center of the
body is consistent with the center of the model. Therefore, we view the Qz=0 as a
set of measurements with outliers. To represent a reliable center of the model, we
take the median of Qz=0 as the robust estimation [HR09]:

x̂0 = Median{X(i) : i = 1, . . . , |Qz=0|}
ŷ0 = Median{Y (i) : i = 1, . . . , |Qz=0|}, (3.2.2)

where (x̂0, ŷ0) is the estimated center of the model which essentially is the X and
Y components of 3D player tracking.

Now, we are able to approximate the orientation parameter ϕ with given model
center. Due to the complexity and motion-dependent of contours and appearances
of player, we need to slightly adjust orientation parameter ϕ(p) for each pixel p to
adapt the real shape of the player. Thus, we model the orientation parameter ϕ(p)
for each pixel as

ϕ(p) = ϕ̂ + ε(p), (3.2.3)

where ϕ̂ is the orientation estimated from the 3D SIFT features and ε(p) is the
orientation deviation associated with the pixel p. One example is shown in Fig. 3.4.
The purpose of setting the ε(p) is to better adapt the geometric of the object.
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Figure 3.4: Elliptical cylinder model adjustment. The subplot(a) shows the elliptical
cylinder model with estimated orientation ϕ̂. The subplot(b) shows the elliptical
cylinder with allowing small orientation deviation ε.

First, we consider the estimate orientation ϕ̂ in (3.2.3). To reduce the complexity
of the algorithm and consider the symmetric properties of the model, we fit the
(X, Y ) coordinates in Qz=0 with the line where the major axis sits. We define the
line equation as

aX + bY = c, (3.2.4)
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where a = cos ϕ̂, b = sin ϕ̂ and c is a constant which measures the distance from the
origin to the line. Note that the expression in (3.2.4) also includes the case when
X = c.

As we consider the errors in both X and Y components, the total least squares
is used to fit the model. Therefore, we measure the distance between the line and
(Xi, Yi) coordinates of the feature point as

di = |aXi + bYi − c|. (3.2.5)

The solution of ϕ̂ can be found by solving the constrained problem

min
ϕ̂

|Qz=0|∑
i=1

d2
i

s.t. a2 + b2 = 1. (3.2.6)

The Lagrange multipliers can be used to solve the problem in (3.2.6) and the solu-
tion is given in [FP02].

For the estimation of deviation term ε(p), we will address it in an optimized
framework in Sec 3.3. With the estimate orientation ϕ̂ and deviation ε(p), each
pixel p has a slightly different elliptical cylinder model as E(a, b, ϕ̂ + ε(p), x0, y0, g).
Thus, the accuracy of warping of image pixels can be improved.

3.2.2 3D Model Hypotheses
As we model each content item by using the 3D geometric model, we can define
the model hypothesis in terms of the 3D geometric model. With that, we are able
to use multi-view model hypotheses for free-view rendering.

We first define the sets of pixels St for t-th view image Vt. The St could contain
any semantic object in the scenes, such as foreground, background, human body,
limb, football, etc. In the context of soccer video, we mainly consider the dynamic
(i.e., player) and static (i.e., background) content items. We let the set of pixels of
the background part be denoted by Bt, the set of pixels in the dynamic part by Dt,
with Bt ∪Dt = Vt and Dt ∩Bt = ∅. If there are more than one dynamic object in Vt,
we denote Di

t, j = 1, . . . , L for each object. Therefore, we define a set of contents as
St with background and dynamic contents{

St(0) = Bt, j = 0
St(j) = Dj

t , j = 1, . . . , L
(3.2.7)

For each pixel p with the image coordinate (x, y) in the view Vt, we denote its
corresponding 3D point by Pt(X, Y, Z). Therefore, the segmentation of the player
in the image plane Vt translates essentially to the calculation of the set of the
3D points Pt(X, Y, Z) in R3 space. In particular, for ∀p ∈ Dt, the corresponding
3D points Pt(X, Y, Z) will result from the elliptical cylinder model of the dynamic
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content. On the other hand, for ∀p ∈ Bt, the corresponding 3D points Pt(X, Y, Z)
will result from the geometric model of the background content.

Therefore, for each pixel p in Vt, we define M hypotheses which are denoted by:

Ht(p) = j, if p ∈ St(j), j = 0, . . . , L, (3.2.8)

where the hypothesis Ht(p) is the labeling function of each pixel in St and |St| is the
number of the semantic segments. Thus, the hypothesis Ht(p) encodes the labeling
information for each pixel p.

3.2.3 Cost Function

With each model hypothesis assignment, we define a cost function to measure the
fitness of each hypothesis. As the free viewpoint rendering is the target we are
aiming to optimize, the rendering distortion is used to evaluate the fitness of each
hypothesis.

Cost function for target pixel

Let the depth value of pixel p in Vt be denoted as Dt(p, Ht(p), ε) which can be calcu-
lated once the hypothesis Ht(p) = j and orientation deviation ε are provided. With
that, we are able to project the pixel p into the 3D world coordinate P j

t (X, Y, Z).
We define the operation Ph of projecting pixel p to 3D world coordinate P j

t (X, Y, Z)
as

P j
t (X, Y, Z) = Ph(p, Dt(p, Ht(p), ε)). (3.2.9)

The 3D world coordinate P j
t (X, Y, Z) can be projected back onto the image

plane of reference view Vi, result in pixel p(x̃, ỹ). For a correct model hypothesis,
the pixel p(x, y) and p(x̃, ỹ) need to be correlated that form a correspondence
p(x, y) ↔ p(x̃, ỹ). Generally, the different of intensity between Vt(x, y) and Vi(x̃, ỹ)
should be relatively small.

Therefore, we can evaluate the model hypothesis by measuring the intensity
difference between p(x, y) and hypothesis-dependent projection p(x̃, ỹ). Assume we
have a multiple camera arrangement with N cameras. One of them is the target
camera and N − 1 cameras are reference cameras. A robust measurement could be
made with jointly considering the projection of N −1 reference cameras. Therefore,
we construct a cost function J which measures the difference between pixel p(x, y)
and N − 1 hypothesis-dependent projection p(x̃, ỹ)

Jt(p, Ht(p), ε(p)) = 1
N − 1

N−1∑
i=1

∥Vt(x, y) − Vi(x̃, ỹ)∥2. (3.2.10)

Note that Jt is the cost for pixel p once the hypothesis Ht(p) and orientation
deviation ε(p) are given.
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Convexity of cost function

To evaluate the convexity of the cost function, we need to introduce our image signal
model first. We use the similar model for image signal as in [FG01] [FG04]. Let s[p]
and ck[p] be scalar two-dimensional signals sampled on an orthogonal grid with
horizontal and vertical spacing of 1. The vector p = (x, y)T denotes the location of
the sample. For the problem of hypothesis projection, we interpret ci as the i-th
view frame available for comparison, and s as the current frame to be warped.

The hypothesis projection should work best if we compensate the true warping
of the scene exactly for a reference view. Less accurate warping will degrade the
performance. To capture the limited accuracy of warping, we associate a vector-
valued warping displacement ∆ of image pixels. Recall the orientation deviation ε
in 3D space, we model the relationship between ∆ and ε according to the projection
geometric as shown in Fig 3.5 [TLLG09].

camera center

camera plane

image planed

f

||∆||

εa
2

Figure 3.5: Projection geometric model of ∥∆∥ and ε.

It results in the approximation of the relationship between ∥∆∥ and ε as

∥∆∥
f

= εa

2d
, (3.2.11)

where f is the focal length of the camera, a/2 is half major axis of the elliptical
cylinder and d is the distance between the 3D geometric model and the camera.
Therefore, it appears to be a linear relationship

∥∆∥ = ε
f a

2 d
. (3.2.12)

Note that the d is usually very large in our case as the object is far away from
the camera. Thus, the warping displacement ∆ and the orientation deviation ε are
linear proportional.

For simplicity, we assume that all reference views are shifted versions of the
current frame signal s. For that, the ideal reconstruction of the band-limited signal
s[p] is shifted by the continuous valued warping displacement ∆ and re-sampled on
the original orthogonal grid.
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The cost function in (3.2.10) can be viewed as the average warping error over
N − 1 reference views. For the i-th reference view, the warping error ei[p] can be
obtained as

ei[p] = ∥si[p] − ci[p]∥2. (3.2.13)
Therefore, we define an overall cost function J by taking the expectation of

warping errors over all the possible pixels

J = 1
|P|

∑
p∈P

Ei,p {Ji(p, Hi(p), ε)}

= 1
|P|

∑
p∈P

1
N − 1

N−1∑
i=1

Ei,p

{
∥ei[p]∥2} , (3.2.14)

where P is the set of considered pixels.
With the band-limited signal model, we can derive Ei,p

{
∥e[p]∥2} in terms of

autocorrelation function of ideal reconstruction of band-limited signal φs(∆) with
respect to the vector variable ∆i,p

J (∆i,p) = 1
|P|

∑
p∈P

1
N − 1

N−1∑
i=1

(
2σ2

s − 2φs(∆i,p) + σ2
n
)

, (3.2.15)

where σ2
si

is the variance of signal si, σ2
ni

variance of noise and ∆i,p is the warping
displacement for pixel p in i-th view. Moreover, we proofed that the overall cost
function (3.2.14) is convex with respect to ∆ under the condition that ∆ is a small
value. A detailed discussion of (3.2.15) is given in Appendix 3.A. Due to the linear
relationship between ∆ and ε in (3.2.12), we also can conclude that the overall cost
function (3.2.14) is convex with respect to ε when ε is small enough.

Moreover, with the convexity of cost function (3.2.14), we can obtain

∂J
∂ε

= 1
|P|

∑
p∈P

Ei,p

{
∂Ji(p, Hi(p), ε)

∂ε

}
, (3.2.16)

∂2J
∂ε2 = 1

|P|
∑
p∈P

Ei,p

{
∂2Ji(p, Hi(p), ε)

∂ε2

}
. (3.2.17)

As the expectation and summation operations will not change the sign of the first
and second derivatives of ε, the cost function of individual pixel Ji(p, Hi(p), ε) in
(3.2.10) has the same convexity as the overall cost function J with respect to ε.

3.3 Hypothesis-Driven Free Viewpoint Rendering

In the previous section, we defined a cost function and proofed it is convex with
respect to orientation deviation. Based on it, we propose an approach of hypothesis-
driven free viewpoint rendering in this section. First, we construct a framework for
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free viewpoint rendering and derive the optimal solution. Second, we develop an
algorithm to find the optimal solution in an iterative fashion.

3.3.1 Overall Cost for Free Viewpoint Rendering
To motivate the algorithm of hypothesis-driven free viewpoint rendering, we assume
N − 1 views are real views and the n-th view is the virtual view which is the
viewpoint we aim to render.

We assume the pixel p and the orientation deviation ε are two random variables
where the joint probability function fp,ε(p, ε) is give as

fp,ε(p, ε) = 1
|P|

δ(ε − ε̊(p)), (3.3.1)

where δ(·) is the Delta function.
Therefore, the overall cost J can be expressed as the expectation of the cost

over pixels and deviations

J = Ep,ε

{
1
N

N∑
i=1

Ji(p, Hi(p), ε)

}
. (3.3.2)

Note that J in (3.3.2) is essentially the expectation of J in (3.2.14) with respect to
ε. Here, due to the pixel p and the orientation deviation ε are treated as the two
random variables, we take the expectation with respect to p and ε.

We distinguish the cost of N −1 real views from n-th virtual view by separating
the overall cost into two terms

J = Ep,ε

{
1
N

N−1∑
i=1

Ji(p, Hi(p), ε)

}

+ Ep,ε

{
1
N

Jn(p, Hn(p), ε)
}

= J(r) + J(v), (3.3.3)

where the first term J(r) is defined as the cost for real views and the second term
J(v) is for the virtual view.

To minimizing the overall cost J, we find the lower bound of the term J(r) and
J(v) respectively. For the first term J(r), we utilize the convexity of the overall cost
function and derive the lower bound

J(r) ≥ Ep

{
1
N

N−1∑
i=1

Ji (p, Hi(p), ε̊(p))

}
, (3.3.4)

where the bound is tight when we can determine the deviation ε̊(p) for each pixel.
A detailed discussion of (3.3.4) is given in Appendix 3.B.
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Similarly, the lower bound of the second term J(v) is given by

J(v) ≥ Ep

{
1
N

Jn

(
p, Hn(p), Eε|p {ε|p}

)}
. (3.3.5)

However, the joint probability function fp,ε(p, ε) is unknown for the virtual view.
The only thing we can do is to assume the variables p and ε are statistical inde-
pendent. Therefore, we obtain

Eε|p {ε|p} = E{ε}. (3.3.6)

By plugging it into (3.3.5), we obtain the lower bound of virtual view cost

J(v) ≥ Ep

{
1
N

Jn (p, Hn(p), E{ε})
}

, (3.3.7)

where the bound is tight when we are able to estimate the expectation of ε.

3.3.2 Iterative Hypothesis Assignment
Based on the framework for free viewpoint rendering, we propose an iterative hy-
pothesis assignment algorithm to find the optimal solution which minimizes the
overall cost. In particular, the algorithm aims to find the lower bound of J(r) in
(3.3.4) for real views and J(r) in (3.3.7) for the virtual view.

Algorithm 1 Algorithm for iterative optimization.
1. Optimize the orientation deviation ε for given foreground hypothesis j = FG

ε̂(p|i) = arg min
ε(p)

Ji(p, FG, ε) (3.3.8)

2. Optimize the hypothesis selection for given ε̂(p|i):

Ĥi(p) = arg min
Hi(p)

Ji(p, Hi(p), ε̂(p|i)) (3.3.9)

The overview of our algorithm is shown in Figure. 1. We develop the algorithm
into an iterative fashion based on following considerations. First, as the cost (3.3.4)
is associated with multiple variables, iterative steps provide feasible ways to find
the optimal solution. Second, the dependencies among multiple views allow us to
design an iterative algorithm with considering multiple views. Third, the interfer-
ence among 3D geometric models leads to the potential risk of occlusion. However,
the potential risk is conditional which depends on the hypotheses assignments of
connected multi-view pixels. Thus, an iterative algorithm is necessary to resolve
the problems of conditional hypotheses assignments.
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Occlusion Detection

Before the introduction of the algorithm, we need to clarify the importance of
occlusion detection. As we use geometric models to model each object in the scene,
the interference among models should also be considered. In other words, due to the
nearer objects override the further objects, it is possible that the assigned hypothesis
of further object is occluded by that of the nearer objects.

Pt 
(X, Y, Z)

object 2

object 1

view t

p
t

view k

p
k

Figure 3.6: Example of occlusion. The yellow ellipse indicates the object 1 and
the blue ellipse indicates the object 2. The views t and k are taken from different
perspectives.

One example is illustrated in Fig. 3.6. Consider the pixel pt which is a projection
of a 3D point on object 2 onto the image plane of t-th view. Thus, the correct
hypothesis for pixel pt is Ht(pt) = 2. With the hypothesis projection (3.2.9), we
are able to project the pt to Pt(X, Y, Z) in 3D space. Then, it is projected onto the
image plane of k-th view, denoted as reference pixel pk. However, the corresponding
3D point on the object 1 is closer to the k-th camera than Pt(X, Y, Z) on object 2,
leading to the occlusion of pixel pk.

To solve this problem, we measure the distance between camera position and
hypothesis 3D point associated with pk

lj(pk) = ∥Ck(X, Y, Z) − P j
k (X, Y, Z)∥, (3.3.10)

where lj is the distance of j-th hypothesis, P j
k (X, Y, Z) is calculated by using the

hypothesis projection (3.2.9) and Ck(X, Y, Z) is the k-th camera position in 3D
world coordinate which is known as a camera calibration parameter.

With the measurement lj(pk), we are able to tell if the pixel pk has the potential
risk of occlusion. If the distance lj(pk) is the shortest distance compare to all other
l(·)(pk), it indicates the j-th hypothesis has no potential risk of occlusion. Then, pk

can be used as the reference pixel for the j-th hypothesis.
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Iterative Hypothesis Selection

With the occlusion detection method in Section 3.3.2, the un-occluded reference
pixels are selected for calculating the cost function in (3.2.10). Now, we are in the
position to introduce the algorithm of iterative hypothesis selection.

Pt 
(X, Y, Z)

Pt 
(X, Y, Z)

j

i

p
t

Figure 3.7: Demonstration of hypothesis projection.

As shown in Fig. 3.7, we assume a three-view arrangement with one target view
t and two reference views. With assigning the i-th and j-th hypotheses, the target
pixel pt will be warped onto the image plane of the reference views respectively.

For each pixel p, we optimize the orientation deviation ε first as illustrated in
(3.3.8). Due to the convexity of the cost function (3.2.10), we are able to find the
ε̂(p|i) by using the steepest descent search algorithm. We define a εmin and εmax as
two endpoints for searching. The slope for each searched point is used to measure
the steepness and the bisection search is applied to find the extreme. With this
method, we can find the ε̂(p|i) in an efficient way.

With the given ε̂(p|i), we implement the second step in (3.3.8) and generate a
set of cost values Γ = {Ji(p, Hi(p), ε̂(p|i))} for all possible hypothesis. We sort the
cost values into a descent order that Γ(1) < Γ(2) < . . . < Γ(k). Generally speaking,
the hypothesis with lowest cost Γ(1) has relatively high possibility to be the correct
hypothesis comparing with that of the other hypotheses.

However, there are also two other measurements should be considered to obtain
a reliable selection of hypothesis. First, as the cost of correct hypothesis essentially
measures the intensity difference between the corresponding pixels, it needs to be
small enough. Therefore, we set a cost threshold δa to evaluate Γ(1). Second, to
obtain a reliable hypothesis, we also need to measure the significance by compar-
ing Γ(1) to the cost of the second smallest hypothesis Γ(2). Therefore, we set a
significance threshold δs to evaluate the difference between Γ(2) and Γ(1).

Therefore, the j∗-th hypothesis will be chosen for pixel p if it satisfies both
conditions that

Γ(1) ≤ δa

Γ(2) − Γ(1) ≥ δs. (3.3.11)
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Once the cost of j∗-th hypothesis can meet the requirement, we assign Hi(p) = 1j∗

to the pixel p in the i-th view. Moreover, we can also safely assign this hypothesis
to the pixels in the reference views. Note that, we only propagate the assignments
to the reference pixels without the risk of occlusion.

For those pixels which do not satisfy the condition (3.3.11), we leave them for
the future iterations. As the algorithm goes through all the views, the possibility
that these pixels will be visited is high.

With the above approach, we are able to optimize the parameters ε(p) and
Hi(p) for each pixel in an iterative way by utilizing the convexity of cost function.
Therefore, the lower bound of real view cost J(r) can be approximated.

3.3.3 Geometric Model-Based Free Viewpoint Rendering

After applying the algorithm of hypothesis selection, we are in the position to
optimize the cost J(v) for virtual view rendering. As the texture information in
virtual does not exist, we cannot directly apply the hypothesis assignment.

As derived in (3.3.7), the lower bound of the rendering cost is given by finding
the E{ε} and Hn(p) for the virtual view. For the first term E{ε}, we can collect
the statistics from the known values in the real views

Ê{ε} = 1
|P|

∑
p∈P

ε̊(p), (3.3.12)

where ε̊(p) is the ε value of real view pixels which is obtained from (3.3.8).
With the estimate of E{ε}, we can determine the geometric model for virtual

view rendering. Still we need to estimate the assignment Hn. We inherit Hn from
the Hi of the closest left and right views by warping. In other words, the silhouette
of virtual view is warped from the closest real views.

With knowing the geometric model and the hypothesis assignment of the virtual
view, we are able to render the virtual view by using the content-adaptive rendering
method [LF12b]. It divides the scene into the background and foreground objects.
To address the occlusion problem and interference between objects, it renders each
object individually. Finally, it merges objects together to generate the virtual view-
point.

The content-adaptive rendering method generate the background and foreground
content respectively according to the properties of each content. For the background
content, it has more potential risk to be occluded by the foreground objects com-
pare with that of the foreground contents. Therefore, we apply an inverse warp-
ing method to generate the background texture. For each pixel in the position
of virtual view, we obtain the corresponding pixels from reference views by using
DIBR [Feh03] [MFFT08] [TLLG09]. Thus, we can get multiple versions of texture
images at the virtual view position. The occlusion parts can be compensated with
multiple version of texture images. In the meanwhile, the quality of the virtual view
is improved.
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For the foreground content items, they usually has less occlusions. With knowing
the hypothesis assignment and depth information of the virtual view, we choose two
closest views from left and right cameras and warp the texture to the position of
the virtual view. Finally, the entire view is generated by merging the content items
together.

3.4 Implementation Issues

With the algorithm of hypothesis-driven free viewpoint rendering, we can generate
the free viewpoint experience of the soccer video. However, there are several practi-
cal aspects of implementation to explore, including the color space, incorporate with
temporal information, player shadow problem and multiple objects assignment.

3.4.1 Gaussian Window and Color Space
Considering the noise and lighting difference, we introduce a m-by-m Gaussian
window wm when we calculate the intensity difference for cost function in (3.2.10).
Thus, the robustness can be improved by not only considering the current pixel,
but also the neighboring pixels.

On the other hand, we use color components as {R, G, B, Y }, where the Y
component is the illumination. Therefore, the cost is defined by the mean of each
component. With this approach, the results are more robust to the noise. As the Y
component affects the objective quality (Y-PSNR) and the RGB components affect
the subjective quality (color experience), the joint measurement allow a balance
between objective and subjective results.

3.4.2 Incorporate with Temporal Information
The multi-view correlation as well as temporal correlation are both important for
the hypothesis assignment and rendering of multi-view video data. To improve
the quality of hypothesis assignment, we introduce the temporal information to
incorporate the method of multi-view model hypothesis.

Consider the scenario when the pixel is located at the intersection of two dif-
ferent geometric models, both hypotheses give very similar geometric information
(i.e., depth value). Therefore, the pixel will be projected to the same position in the
reference views, leading to similar cost. One example could consider the feet of the
player. As the feet are usually the intersection between player model and ground
model, the geometric information is also identical for the intersection part.

Therefore, we need to incorporate the temporal information for this special
scenario. The scenario can be detected if i-th and j-th hypothesis give the similar
geometric information. We measure the absolute different of depth value between
i-th and j-th hypothesis

oi,j = |D(p, 1i, ε) − D(p, 1j , ε)|. (3.4.1)
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We set a threshold µ to evaluate the absolute value oi,j . If oi,j ≤ µ, it indicates the
intersection area between i-th and j-th hypotheses model. In that scene, assigning
pixel p with i-th and j-th hypotheses will leading to the similar projection locations
in the reference views.

In such cases, the best we can do is to measure the temporal statistics to de-
termine the pixel is from static background or dynamic foreground. We take the
similar idea as in [AKM93] [MW97], the statistics of pixel intensity is calculated
from previous frames. As the multi-view video are captured by an array of fixed
high-definition cameras, we can measure the intensity difference between current
video frame and previous video frame. Let the index of current frame be denoted
by κ, the n-th previous frame κ − nT where T is the frame interval between two
successive sampled frames. Considering the changes of lighting and noise, we use a
m-by-m Gaussian window wm for pixel location (x, y). Therefore, we measure the
temporal difference between current frame pixel pκ and n-th previous frame pixel
pκ−nT as

γ(n) =
∑

(i,j)∈wm

W (i, j) ∥V κ(i + x, j + y)

− V κ−nT (i + x, j + y)∥2, (3.4.2)

where the W is the Gaussian window mentioned in 3.4.1.
To determine the pixel is from static background or dynamic foreground, we

evaluate
αt = Median{γ(n) : n = 1, . . . , R}, (3.4.3)

where R indicates the number of sampled video frames. We set a threshold δt to
evaluate the temporal difference. If the αt ≥ δt, we assign the dynamic hypoth-
esis to pixel pt. Note that there is a trade-off between number of sampled video
frames R and the reliability of estimation αt. On one hand, a large sample size col-
lect more samples from previous frames and improves the statistical performance
significantly. However, varying lighting conditions are challenging for a longer du-
ration. They may break our static camera model, leading to worse estimation of αt

and, hence, lower the estimation reliability. In addition, large sample size introduces
long buffering and heavy computational burden. On the other hand, small sample
sizes may not be sufficient to exploit the temporal correlation among frames.

3.4.3 Player Shadow Problem
The rendering of shadow of the player is an important component for improving
the visual experience. In the scenario of soccer video, the shadows are usually
laying on the surface of the soccer field. However, the nature properties make the
shadows are textureless which is difficult for view matching. Therefore, the unique
geometric and texture properties make it hard to handle in free-view rendering
scenario. For high quality rendering, sophisticated relighting methods can render a
scenes with modeling the light source. However, the computational complexity of
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relighting based methods is quite high which leading to the infeasibility for real-time
implementation.

In our work, we resolve the player shadow problem by incorporating with tem-
poral information as introduced in Section 3.4.2. As the pixels belong to the shadow
are close to the players and sitting on the soccer field, which satisfy the condition
of locating at the intersection area between player model and soccer field model.
Therefore, the measurement oi,j in (3.4.1) can be utilized to detect the potential
shadow pixels. As the shadow is moving with the player, the pixels belong to shadow
can be assigned by the temporal method.

3.4.4 Multiple Objects Assignment
It is a common scenario in soccer video that the interactivities among players leads
to the cluster of the players. In some cases, one player can be partial and total oc-
cluded by the other players. This causes the difficulty in multiple player assignment
and free viewpoint rendering. However, with our multi-view camera arrangements,
we can efficiently resolve this problem.

In our earlier work [LF12c], we utilized the multi-view perspective diversity to
enable a multi-view cooperative tracking. It uses 3D features to obtain more reli-
able player positions and multi-view perspective diversity can efficiently resolve the
occlusion problems. Note, this multi-view player tracking differs from single-view
feature-based methods as discussed in prior frameworks [ZYS09]. The advantage
of using multi-view 3D features is explained in [LF12c]. We can obtain the 3D
position of each player associated with a set of 3D SIFT features by the using
k-means [KMN+02] based feature clustering algorithm. As we have the set of 3D
SIFT features for each player, we can apply the method in Section 3.2.1 on each
set to estimate the parameters of the geometric model for each player.

3.5 Experimental Results

We evaluate our method of hypothesis-driven free viewpoint rendering for three
soccer video sets Barca-St. Andreu, LasPalmas 1 half and LasPalmas 2 half which
are provided by the MEDIAPRO group. The video sequence Barca-St. Andreu is
captured by four cameras, LasPalmas 1 half and LasPalmas 2 half with seven
cameras. The resolution of the videos is 1920 × 1080 at 25 fps. With the multi-view
player tracking information [LF12c], we extract sub-sequence for each player. The
resolution of the sub-sequences is 180 × 200.

To evaluate the performance of our propose method, we compare it with the ref-
erence algorithm. The motivation of choosing a reference algorithm should consider
the following conditions:

• First, it is a depth-image based rendering algorithm as it utilizes the projective
geometry for rendering.

• Second, it can handle the multi-view video scenarios.
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• Third, it is able to work in the large baseline camera arrangements.

Based on these conditions, we compare the performance of our proposed method to
the multi-view depth estimation algorithm in [MFdW08] [Mor09] plus conventional
DIBR algorithm [Feh03] [MFFT08] [TLLG09]. The multi-view depth estimation
improves the multi-view consistency compared to the pairwise depth estimation
algorithm such as MPEG 3DV/FTV Depth Estimation Reference Software 5.0
(DERS 5.0) [TFP09]. On the other hand, it can efficiently handle the arbitrary
camera arrangements in large baseline setting like in our cases. Therefore, using
the multi-view depth estimation is fairer to compare with our algorithm in the
multi-view soccer video scenario.

The reference depth estimation algorithm [MFdW08] [Mor09] uses a similarly
architectural as the conventional pairwise disparity estimation by minimizing the
warping cost function. However, it extents the two view approach to the multi-view
setting by considering multiple the views simultaneously. Moreover, it introduces
the smooth constrains within the current view and cross the other views by using
a two-pass optimization strategy. Therefore, the consistent depth across views is
enforced.

3.5.1 Results of Multi-View Hypothesis Selection

First, we verify the hypothesis selection results of our rendering algorithm. We take
12 sequences for testing which contains 64 frames each. For the seven camera test
sequences LasPalmas 1 half and LasPalmas 2 half, we let camera 1, 2, 3, 5, 6, 7 as
the inputs and camera 4 as the virtual camera for rendering. For the four camera
test sequence Barca-St. Andreu, we let camera 1, 2, 4 as the inputs and camera 3 as
the virtual camera for rendering. Note that we use the same camera setting for the
rendering test in the next section.

Fig. 3.8 shows the subjective results of the hypothesis selection. With the multi-
view corporation, the consistency of the hypothesis assignment is improved. The
detail parts of the player body such as limbs are persevered since the accurately of
the geometric model. The shadow parts are also mostly correctly assigned due to
the efficient incorporation with temporal information.

3.5.2 Comparison of Rendering Quality

The quality of virtual view rendering is an important aspect to investigate. There-
fore, we measure the rendering quality as luminance PSNR (Y-PSNR) for a given
camera viewpoint.

For our hypothesis-driven rendering, we apply the algorithm illustrated in Sec-
tion 3.3.2 on the input views and iteratively compute the orientation deviation
ε(p) and hypothesis assignment H(p) for each pixel by minimizing the cost func-
tion in (3.3.4) for real views. With the estimation introduced in Section 3.3.3, we
can compute the orientation deviation and hypothesis assignment for the virtual
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Table 3.1: Comparison of rendering quality.

Sequence
index

Number of
input views

HDR1

(dB)
MDE+DIBR2

(dB)
Imporvment

(dB)
01 6 25.4 21.9 3.5
02 6 24.6 20.7 3.9
03 6 23.3 20.1 3.2
04 6 28.7 26.8 1.9
05 6 27.6 25.7 1.9
06 6 27.5 27.0 0.5
07 6 29.3 29.2 0.1
08 6 28.8 28.6 0.2
09 6 30.0 27.7 2.3
10 6 27.6 27.0 0.6
11 3 27.5 26.5 1.0
12 3 28.2 27.7 0.5

1 MDE+DIBR = Multi-View Depth Estimation + Depth Image
Based Rendering

2 HDR = Hypothesis-Driven Rendering

view. Finally, the virtual view can be rendered using the content-adaptive rendering
method. For the reference algorithm, the multi-view depth estimation algorithm is
applied on the input videos. Therefore, the depth images of the input views are
calculated. Then, the depth image based rendering method is used to generate the
virtual view image. As we focus on the rendering quality of the foreground object,
we generate a mask from the hypothesis selection in the virtual view. Then, we
apply the same mask on the actual view and virtual view generated from the ref-
erence algorithm to obtain the foreground object for quality evaluation. Since our
implementation uses the Mean-Square-Error (MSE) criterion for optimization, the
PSNR is suitable to measure the objective quality.

As shown in Table 3.1, our 3D model hypothesis method outperforms the multi-
view depth estimation plus DIBR for all sequences in terms of average PSNR values.
The sequences 01 ∼ 05 are from LasPalmas 1 half, 06 ∼ 10 from LasPalmas 2 half
and 11 ∼ 12 from Barca-St. Andreu. Each sequence contains 64 frames. The quality
of rendering can be improved on average by 1.6 dB compare to that of the reference
algorithm. Note that the camera baseline is 10m in average for these data sets.
Hence, the varying lighting conditions are challenging and dominate the average
Y-PSNR.

Fig. 3.9 shows a subjective comparison of the rendering quality. Our algorithm
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produces cleaner and smoother rendered view compared to that of the reference al-
gorithm. Our hypothesis-driven rendering offers three advantages. First, the over-
all cost function links the connection between the accuracy of geometric model
and the rendering quality which improves the quality of geometric model based
rendering. Second, the geometric model preserves better smoothness and multi-
view consistency compared to pixel-wise depth image based rendering. Third, the
content-adaptive rendering distinguishes the background from the foreground which
consider the property of each content item.

3.6 Chapter Conclusions

In this Chapter, we discussed a hypothesis-driven free viewpoint rendering approach
based on 3D model hypotheses for soccer video. A collection of piecewise geomet-
ric models are used to characterize the geometric properties of background and
foreground content items. Then, we construct a cost function to link the accuracy
of the geometric model and the quality of free viewpoint rendering. By using the
convexity of the overall cost, we develop an iterative algorithm to find the opti-
mal solution of the geometric parameter and hypothesis assignment for each pixel.
The experimental results show that our hypothesis-driven free viewpoint rendering
outperforms the multi-view depth estimation plus depth image based rendering for
both subjective and objective evaluation.
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Figure 3.8: Results of hypothesis selection. The while parts are pixels which assigned
with background hypothesis, otherwise with foreground hypothesis.
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(a) HDR (b) MDE+DIBR (c) actual view

Figure 3.9: Comparison of rendering quality between reference algorithms and pro-
posed algorithm. The first column shows the rendered image by using hypothesis-
driven free viewpoint rendering; the second column shows the rendered image by
using the algorithm of multi-view depth estimation plus DIBR; the third column
shows the actual views.
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3.A Derivation and Evaluation of Overall Cost
Function(3.2.14)

In this appendix we derive and evaluate the convexity of overall cost function in
(3.2.14).

With the assumption of the ideal reconstruction of band-limited signal, the
expectation of warping error can be derived as

Ei,p

{
∥e[p]∥2} = Ei,p{∥si[p] − si(p − ∆i,p) + ni[p]∥2} (3.A.1)

= Ei,p{si[p]s∗
i [p] − 2si[p]s∗

i (p − ∆i,p)
+ si(p − ∆i,p)s∗

i (p − ∆i,p) + ni[p]n∗
i [p]}, (3.A.2)

where n is the white Gaussian noise and independent with image signal. Note that
[·] denotes the integer location of the sample and (·) denotes the fractional location
on the grid.

As we assume s is stationary and shift-invariant signal with the real-valued,
(3.A.2) can be further derived as

Ei,p

{
∥e[p]∥2} = 2σ2

si
− 2φsi(∆i,p) + σ2

ni
,

= σ2
ei

, (3.A.3)

where σ2
si

is the variance of signal si, σ2
ni

variance of noise, σ2
ei

variance of recon-
struction error, and φsi autocorrelation function of ideal reconstruction of band-
limited signal.

We assume the statistics of the autocorrelation function φsi is the same for each
i-th view

φsi(∆i,p) = φs(∆i,p), ∀i,

σ2
si

= σ2
s , ∀i,

σ2
ni

= σ2
n, ∀i. (3.A.4)

With that, we can obtain the relation

σ2
e(∆i,p) = 2σ2

s − 2φs(∆i,p) + σ2
n. (3.A.5)

From the power spectrum theory, the power spectral density Φss(ω) is the Dis-
crete Fourier Transform (DFT) of autocorrelation function φs[p]

Φss(ω) =
∑
p∈Z

φs[p]e−jωp, (3.A.6)

where Z indicates the integral domain. Note that ω = (ωx, ωy)T is the vector-valued
frequency.
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Therefore, we can obtain the autocorrelation function of the continues variable
φs(∆) by taking the Inverse Fourier Transform

φs(∆) = 1
2π

∫ π

−π

Φss(ω)ejω∆dω (3.A.7)

= 1
2π

∫ π

−π

∑
p∈Z

φs[p]e−jωpejω∆dω (3.A.8)

=
∑
p∈Z

φs[p] 1
2π

∫ π

−π

e−jω(p−∆)dω. (3.A.9)
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Figure 3.10: Interpolation function for autocorrelation function φs(∆).

It can be noticed that the integration part in (3.A.9) essentially is a sinc function
as shown in Fig. 3.10. It is utilized to interpolate the discrete function of autocorre-
lation function to obtain the continues autocorrelation function. For each integral
point, it has

1
2π

∫ π

−π

e−jω(p−∆)dω = δ[p − ∆], iff ∆ ∈ Z, (3.A.10)

which is consistent with the discrete case.
Like in [Gir00], we assume a power spectrum that corresponds to an exponen-

tially decaying isotropic autocorrelation function

φs[p] = σ2
s e−|ρsp|, (3.A.11)

where ρs is the correlation coefficient which control the decaying of the amplitude.
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Figure 3.11: Comparison of discrete autocorrelation function φs[p] and continues
function φs(∆).

With the the exponentially decayed autocorrelation function φs[p] and the inter-
polation function in (3.A.10), we are able to obtain the continues function φs(∆) as
shown in Fig. 3.11(b). We can notice that the function φs(∆) is continues and con-
cave when ∆ is small enough. Therefore, the variance of error in (3.A.5) is convex
function with respect to small ∆ value.

To evaluate the convexity of the overall cost function (3.2.14), we consider a
(N − 1)|P| dimensional input ∆i,p =

(
∆1,1, . . . , ∆N−1,|P|

)
. Therefore, the overall

cost function can be wrote into

J (∆i,p) = 1
|P|

∑
p∈P

1
N − 1

N−1∑
i=1

σ2
e(∆i,p). (3.A.12)

To prove the it is a convex function, we need to show

λJ (∆(1)
i,p ) + (1 − λ)J (∆(2)

i,p ) > J (λ∆(1)
i,p + (1 − λ)∆(2)

i,p ), (3.A.13)

where λ is a non-negative scalar that λ ∈ [0, 1], ∆(1)
i,p and ∆(2)

i,p are two vector inputs.
It can be proofed by utilizing the convexity of error variance σ2

e in (3.A.5)

λJ (∆(1)
i,p ) + (1 − λ)J (∆(2)

i,p ) (3.A.14)

= λ
1

(N − 1)|P|
∑
i,p

σ2
e(∆(1)

i,p )

+ (1 − λ) 1
(N − 1)|P|

∑
i,p

σ2
e(∆(2)

i,p ) (3.A.15)

= 1
(N − 1)|P|

∑
i,p

[
λσ2

e(∆(1)
i,p ) + (1 − λ)σ2

e(∆(2)
i,p )
]

(3.A.16)
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>
1

(N − 1)|P|
∑
i,p

σ2
e

(
λ∆(1)

i,p + (1 − λ)∆(2)
i,p

)
(3.A.17)

= J (λ∆(1)
i,p + (1 − λ)∆(2)

i,p ). (3.A.18)

Therefore, the overall cost function J is a convex function with respect to ∆.

3.B Remarks to Lower Bound (3.3.4)

In this appendix we derive the lower bound of the cost of real views J(r) by using
the convexity of the cost function and the Jensen’s inequality.

To simplify the expression, let the internal part of function (3.3.3) for J(r) be
denoted as

g(r)(p, ε) = 1
N

N−1∑
i=1

Ji(p, Hi(p), ε). (3.B.1)

It allows us to express the cost function J(r) in terms of the expectation of
g(r)(p, ε)

J(r) = Ep,ε

{
g(r)(p, ε)

}
(3.B.2)

=
∫∫

g(r)(p, ε)fp,ε(p, ε)dpdε (3.B.3)

=
∫∫

g(r)(p, ε)fε|p(ε|p)fp(p)dpdε. (3.B.4)

It can be noticed that

Eε|p {g (p, ε|p)} =
∫

g(r)(p, ε)fε|p(ε|p)dε. (3.B.5)

As the cost function of individual pixel in (3.2.10) is a convex function with
respect to ε, the function g(r)(p, ε) is also convex as it is a non-negative linear
combination of convex function. Therefore, the Jensen’s inequality can be applied
on (3.B.5) with the result

Eε|p {g (p, ε|p)} ≥ g
(
p, Eε|p {ε|p}

)
, (3.B.6)

where the lower bound is tight when term Eε|p {ε|p} is deterministic. By using the
joint probability of p and ε in (3.3.1), the term Eε|p {ε|p} can be further derived as

Eε|p {ε|p} =
∫

εfε|p(ε|p)dε (3.B.7)

=
∫

εδ(ε = ε̊(p))dε (3.B.8)

= ε̊(p). (3.B.9)
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By plugging the (3.B.6) and (3.B.9) into (3.B.4), we can obtain the lower bound
of J(r)

J(r) = Ep,ε

{
g(r)(p, ε)

}
(3.B.10)

≥
∫

g
(
p, Eε|p {ε|p}

)
fp(p)dp (3.B.11)

= Ep {g (p, ε̊(p))} (3.B.12)

= Ep

{
1
N

N−1∑
i=1

Ji (p, Hi(p), ε̊(p))

}
, (3.B.13)

where the bound is tight when we can determine the deviation ε̊(p) for each pixel.





Chapter 4

Content-Adaptive Video Coding

“It is intangible and elusive, and yet within is image,
it is elusive and intangible, and yet within is form,

it is dim and dark, and yet within is essence.”
— Lao-Tzu, Tao Te Ching

This Chapter discussed a content-adaptive coding approach for sport video.
The whole scene of the soccer video is divided into dynamic and static
content items by using the feature-based motion estimation. Each content

item generates a subsequence from the input video. For the static background video,
we apply the temporal subband coding which compacts energy to the low bands.
A rate-distortion model is derived to allocate optimal bits among all the subbands.
For the dynamic content videos, we use high efficiency HM 10.0 codec to encode
them. To optimally allocate the bit rate among the video contents, we construct an
overall rate-distortion model to capture the coding distortions of static and dynamic
parts1.

4.1 Introduction and Related Works

In recent years, the rise of high-definition television (HDTV) and the desire for an
immersive networked experience in a home environment have raised the interest in
content-adaptive coding schemes [NNHSW05] [MBK06] [BCBP06] [LF11a]. These
techniques provide more coding flexibility by allowing users to access video objects
freely and semantically meaningfully.

Popular applications include soccer games where background objects, like sta-
dium and soccer field, are relatively static and where foreground objects, like play-
ers, are mostly dynamic. The conventional content-based coding techniques such as
sprite [WA94] [CN97] [CCC+03] [KKKS08], it extracted dynamic parts from the
static background and encoded separately. However, due to the high complexity

1This work was supported in part by the European Commission in the context of the project
ICT-FP7-248020 “FINE – Free-Viewpoint Immersive Networked Experience”.

69



70 Content-Adaptive Video Coding

of object detection and segmentation, the efficiency of most content-based cod-
ing schemes cannot be guaranteed. Additionally, shape intra coding consequently
increases the coding burden. Hence, object-based coding methods usually under-
perform in the classical setting at high bitrates.

The dominant motion provides high-level analysis of the video scenes. It can be
used to separate the dynamic and background objects. Pixel or line based methods
usually utilize the geometric characters of the scenes and clustering the macroblocks
motion to estimate the dominant motion [FBBK08]. This motivates us to find a
sparse and reliable method to estimate the dominant motion. In particular, we sep-
arate the dynamic and background objects by using the feature-based motion esti-
mation. The sparse image features will be used to distinguish the dynamic objects
from the static background. The feature based method provides a high reliability
and low complexity approach to achieve it.

Once the dynamic and static contents are extracted, we can utilize their prop-
erties to encode each video content separately. The static properties of the back-
ground scene are such that the energy of the input frames is accumulated in the
temporal low-band while the temporal high-bands carry only very small amounts
of energy [Fli09]. Due to efficient energy compaction [Ohm94] [FG06], temporal
subband coding schemes are good candidates for this application. On the other
hand, as the background scenes are captured by static cameras, co-located pixels
in successive frames usually refer to the same part of an object. Therefore, high
coding efficiency at low computational complexity can be achieved without motion
compensation.

As the dynamic and static content items are encoded separately, we need to
optimize the rate allocation among content items. We exploit the properties of
static and dynamic parts and construct a rate distortion model for optimal bitrate
allocation. With that, we aim to maximize the overall rate distortion performance
of the content-adaptive coding scheme.

The remaining part of this chapter is organized as follows. Sec. 4.2 introduces
the overall scheme of content-adaptive coding, including the image-feature based
motion estimation and the scheme for temporal subband coding for the static video.
In Sec. 4.3, we focus on deriving the rate distortion model for the overall content-
adaptive coding scheme as well as the rate distortion model for the temporal sub-
band coding scheme. The verification of algorithm and the comparison between our
algorithm and reference algorithm are in Sec. 4.4, followed by a short conclusion.

4.2 Content-Adaptive Coding

This section presents a content-adaptive coding scheme for immersive networked
experience of sports events, in particular, soccer games. Each important part of
content-adaptive coding scheme is introduced, including the image-feature based
motion estimation and temporal subband coding for the background content item.
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4.2.1 Overall Scheme of Content-Adaptive Coding
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Figure 4.1: Content-adaptive coding.

The overall scheme of content-adaptive coding is shown in Fig. 4.1. Due to spe-
cial characteristics of the live soccer content, the content-adaptive scheme distin-
guishes between multiple dynamic content items (e.g., players) and a static content
item (background). To separate the content items, we propose a image feature-based
motion estimation for the dynamic content. Therefore, we obtain the position infor-
mation of each player in the scenes which allows us to extract a rectangular region
for each player. Each region defines a dynamic content item and results in an in-
dividual image sequence. All defined content items are removed from the camera
images to establish the static content item. The detail of the image feature-based
motion estimation is described in Sec. 4.2.2.

We exploit the different statistical properties of the static background and the
dynamic content items to efficiently encode live soccer video. Therefore, we con-
struct a rate-distortion model to optimally allocate the bits among content items.
For the dynamic content, each item is encoded individually with optimal allocated
bitrate. The detail of the rate-distortion model is discussed in Sec. 4.3.1.

To match the static properties of the background scenes, we transform the video
frames into the subband frames by using temporal wavelets. Similar to the overall
content-adaptive coding scheme, we construct a rate-distortion model for the bit
allocation among temporal subbands. The detail of the temporal subband coding
and rate-distortion model is discussed in Sec. 4.3.2. To build HEVC compatible
coding scheme, we encode each subband by using HEVC intra coding with optimal
allocated bits.

At the receiver side, after decoding the individual image sequences for static and
dynamic parts, the reconstructed sequence is synthesized such that dynamic parts
overwrite the static part. The position of the dynamic parts on the static content
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is given by the synchronized position information.

4.2.2 Image Feature-Based Motion Estimation
To separate the static and dynamic content items, we need to know the position
of the dynamic items in the image. With the position information, we extract a
rectangular region for each player. Each region defines a dynamic content item and
results in an individual image sequence.

To efficiently obtain the position information of the dynamic content item, we
propose an approach of motion estimation by using the image features. In particular,
we select the Scale Invariant Feature Transform (SIFT) features due to its robust-
ness under rotation, scale change and affine transformation [Low04]. To obtain a
reliable position information, we exploit the inter-view and temporal correlation
among related views. The inter-view correlation between adjacent views, defin-
ing the same object captured by different views instantaneously, can be exploited
efficiently by inter-view geometric constraints. On the other hand, the temporal
correlation between successive frames, defining the motion of features captured by
the same view over time, can be exploited efficiently by inter-frame feature match-
ing. The SIFT-based multi-view cooperative motion estimation comprises the SIFT

      View

 correlation

      View

 correlation

 Temporal 

correlation

      Vl, t       Vm, t       Vr, t

      Vm, t+1

Figure 4.2: Structure of motion estimation.

feature matching between spatial and temporal views, the feature repository, and
a positioning unit that realizes the real time implementation. Fig. 4.2 depicts the
discussed SIFT-based multi-view cooperative motion estimation scheme.

SIFT Feature Matching and Refinement

First, we define a view group which includes both spatially correlated views Vl,t, Vr,t

and temporally correlated views Vm,t, Vm,t+1 with respect to time t, as depicted in
Fig. 4.2. We extract SIFT features in views Vm,t and Vm,t+1, and find correct cor-
respondences. Let pm,t

i ↔ pm,t+1
j be a temporal feature correspondence, where pm,t

i

denotes the i-th feature point with the image coordinate (xm,t
i , ym,t

i ) in the view
Vm,t and pm,t+1

j the j-th feature point with the image coordinate (xm,t+1
j , ym,t+1

j )



4.2. Content-Adaptive Coding 73

Figure 4.3: SIFT features in left and right reference images.

in the view Vm,t+1. As we assume that the sports events are captured by an array
of fixed high-definition cameras, feature correspondences which belong to the static
scene have no motion translates that xm,t

i = xm,t+1
j and ym,t

i = ym,t+1
j . Thus, the

background features can be easily filtered. In that scene, the remaining correspon-
dences are related to the moving items between two successive frames, hence, they
can be used to obtain motion information. We define two sets of moving features
for views Vm,t and Vm,t+1

F m,t ={pm,t
i |pm,t

i ↔ pm,t+1
j },

F m,t+1 ={pm,t+1
j |pm,t

i ↔ pm,t+1
j }. (4.2.1)

Next, we extract SIFT features in views Vl,t and Vr,t, and find correct corre-
spondences of pm,t ↔ pr,t and pm,t ↔ pl,t. Correct correspondences in adjacent
views relate to the same 3D point in the scene and, hence, can be used to obtain
reliable 3D information. An example is depicted in Fig. 4.3.

Let pr
i ↔ pm

j be a feature correspondence between views Vr,t and Vm,t. Knowing
the camera calibration parameters, we are able to check the correctness of the
feature match based on a geometric constraint. If it is a correct correspondence, pr

i

and pm
j are originally projected from the same 3D world coordinate. Thus, by using

projection relations for corresponding points, the following relations hold:

R−1
r · A−1

r · [xr
i , yr

i , 1]T · λr +

 Cx
r

Cy
r

Cz
r

 =

 Xr
i

Y r
i

Zr
i

 , (4.2.2)

R−1
m · A−1

m · [xm
j , ym

j , 1]T · λm +

 Cx
m

Cy
m

Cz
m

 =

 Xm
j

Y m
j

Zm
j

 , (4.2.3)

where [X, Y, Z]T is the 3D world coordinate, and where R, A and C are the camera
calibration parameters which depend on the camera position. The factors λr and λm

in (4.2.2) and (4.2.3) define the position of the 3D point on the rays. To determine
the scaling factors, let the third row of the 3 × 3 matrix R−1

r · A−1
r be [αr, βr, γr],
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and let the third row of the 3 × 3 matrix R−1
m · A−1

m be [αm, βm, γm]. Thus, the
factor λr is given by

λr(Zr
i ) = Zr

i − Cz
r

αrxr
i + βryr

i + γr
. (4.2.4)

Similarly for the factor λm. Therefore, the factors λr and λm are a function of the
world coordinate Z. Note, if we assume that the players move on the plane Z = 0,
the world coordinate Z relates to the height of players.

With the scaling factors λr and λm, (4.2.2) and (4.2.3) need to be equal for
corresponding points pr

i ↔ pm
j . As we assume to know the true camera calibration

parameters, the resulting expression is over-determined. For our practical applica-
tion, we determine the least square error solution of Z∗ according to

Z∗ = arg min
Z

∥R−1
r · A−1

r ·

 xr
i

yr
i

1

 · λr(Z) +

 Cx
r

Cy
r

Cz
r


−R−1

m · A−1
m ·

 xm
j

ym
j

1

 · λm(Z) −

 Cx
m

Cy
m

Cz
m

 ∥2. (4.2.5)

The two resulting 3D world coordinates [X, Y, Z]rT
i and [X, Y, Z]mT

j are obtained
by the least square error solution (4.2.5) with respect to pr

i and pm
j . However, some

small misalignment caused by calibration parameters should also be considered.
Thus, we use an additional criterion. If ∥[X, Y, Z]rT

i − [X, Y, Z]mT
j ∥2 < δd, where δd

is a small threshold for the Euclidean distance in 3D space, the correctness of the
correspondence pr

i ↔ pm
j is sufficiently reliable. Thus, we define a set of inter-view

features for view Vr,t

F r,t = {pr,t
i |pr,t

i ↔ pm,t
j }. (4.2.6)

Similarly, for the feature correspondence pl
i ↔ pm

j between views Vl,t and Vm,t,
we define a set of inter-view features for view Vl,t

F l,t = {pl,t
i |pl,t

i ↔ pm,t
j }. (4.2.7)

To obtain reliably the 3D information of the moving items in view Vm,t and
handle the possible occlusion problem in the adjacent views, we choose inter-view
features in both adjacent views Vl,t and Vr,t

F m,t
s = F m,t ∩ (F r,t ∪ F l,t). (4.2.8)

Note, regarding the complexity of the algorithm, global SIFT matching is applied
for the initialization of the algorithm. Thereafter, local SIFT matching will be used.
Details are given in Section 4.2.2.
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Figure 4.4: Clustering of 3D features; each player is identified by one cylinder, the
features are shown by small circles; the same color indicates the same cluster.

Feature Clustering by using 3D Information

After extracting features from dynamic items, the 3D information can be exploited
to identify players by clustering the features.

Conventional methods for object classification usually operate on the 2D image
plane. However, due to the lack of 3D distance information, the accuracy of classifi-
cation is low. In our work, we use 3D coordinates [Xi, Yi, Zi] to describe the feature
points pm,t

i in 3D space and use k-means [KMN+02] to cluster them:

min
K∑

i=1

∑
p

(i)
j

∈Si

∥p
(i)
j − Ci∥2

s.t. F m,t
s =

K∪
i

Si, (4.2.9)

where Si is the i-th set of features and Ci the cluster center. Note, we use the
cluster center Ci to define the position of player i. Let the number of players be
denoted by K. ∥p

(i)
j − Ci∥2 is the 3D distance between feature point p

(i)
j and the

cluster center Ci. In other words, each player is identified by nearby 3D features,
as depicted in Fig. 4.4.

This approach offers three advantages: First, compared to 2D information, 3D
information is more robust. Second, due to the available 3D information on the field,
the estimate for the number of clusters is more reliable. Third, the computational
cost is lower for object classification.

Motion Estimation in Consecutive Frames

After generating the set of active players {Ci}K
1 by clustering the features F m,t

s ,
the motion estimation of each player can be implemented by a scheme as shown in
Fig. 4.2.
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Figure 4.5: Matching local SIFT features in the selected regions.

The 3D information of player position Ci(X, Y, Z) allows us to extract a cylin-
drical region for each player. This 3D world coordinate is projected onto the image
plane of Vm,t, Vl,t and Vr,t, resulting in the corresponding 2D player positions cm,t

i ,
cl,t

i and cr,t
i . Note, for view Vm,t+1, we assign the 2D player position cm,t+1

i also
to cm,t

i . Then, the 2D player position can be used to define one region U in each
view to cover player i. Note, the local 3D features S̃t

i within cluster i can be used
to extract the corresponding 2D features p̃m,t for each player i at time t by using
the scheme in Section 4.2.2, as depicted in Fig. 4.5.

There are two advantages of matching SIFT features locally: First, since the
computational burden of SIFT is determined by the image size, matching SIFT
features only in dynamic parts [LF11a] avoids unnecessary complexity. Second, the
selected region U efficiently provides a prior region for feature matching, which
leads to more reliable results.

Knowing the 2D correspondences p̃m,t ↔ p̃m,t+1, the motion vector vi for player
i can be determined by calculating the median of motion shifts:

vi = Median
1≤j≤|S̃t

i
|
{p̃m,t+1

j − p̃m,t
j }. (4.2.10)

Note, we assume a rigid body for each player since they are relatively small in each
view. Hence, the median of motion shifts can be used to represent the motion vector
vi.

With this rigid model, we are able to track the motion between two successive
frames. For that, we update the position C̃t

i of each player by calculating the new
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cluster center

C̃t
i = 1

|S̃t
i |

∑
[Xj ,Yj ,Zj ]∈S̃t

i

 Xj

Yj

Zj

 . (4.2.11)

Next, C̃t
i is projected onto the image plane of Vm,t to obtain its 2D coordinate c̃m,t

i .
Then, the 2D coordinate c̃m,t+1

i in Vm,t+1 can be estimated by motion compensation

c̃m,t+1
i = c̃m,t

i + vi. (4.2.12)

Finally, the c̃m,t+1
i can be back-projected into 3D space to get the player position

information C̃m,t+1
i in the frame t+1. Moreover, it can also be warped into adjacent

views.

4.2.3 Temporal Subband Coding of Static Content

   Temporal

    subband 

decomposition
.....

Subband 1

Subband L

Background 

     frames

Subband 2
     HEVC Decoding

Reconstruction  

     of frames

Figure 4.6: HEVC-compatible temporal subband coding.

The background content comprises mostly of areas depicting the field and the
background objects, is varying slowly over time. The static properties of the back-
ground content motivate us to use temporal subband coding techniques. We propose
an HEVC-compatible temporal subband coding algorithm for static background
video. As shown in Fig. 4.6, the background temporal subband coding scheme com-
prises the subband transform of temporal frames, the optimal bit allocation among
subbands, the HEVC-compatible coding engine, and an inverse transform unit at
the decoder that facilitates the reconstruction of the output image sequence.

4.3 Rate Distortion Models

In this section, we introduce the rate distortion models in our content-adaptive
coding engine. We construct a rate distortion model for the dynamic and static
content items. With this model, the bit allocation among the content items can be
determined. Similarly, we also construct a rate distortion model for the subband
coding of the static content. Therefore, the bit allocation among temporal subbands
can be determined.
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4.3.1 Rate Distortion Model of Content-Adaptive Coding
An efficient coding scheme allocates optimally the bitrate of each content item.
To accomplish this, we introduce a rate distortion model that reflects the trade-off
among static and dynamic parts. This allows us to determine the optimal trade-off
and the necessary allocation of resources.

According to our coding scheme in Fig. 4.1, let the size of one Group of Picture
(GOP) in the original image sequence be denoted by L and the set of pixel positions
in one frame by A = {(i, j)}. Let one pixel in the l-th frame be denoted by x(i, j, l),
where (i, j) indicates the pixel coordinate in the image, with 1 ≤ l ≤ L. Further-
more, let the set of pixel positions of the static part be denoted by Bl for frame
l, Fk

l for the k-th dynamic part for frame l. Note that |Bl| +
∑K

k=1 |Fk
l | ≥ |A| as

there are possible overlapped pixels between different dynamic content items. The
extracted static part is denoted by y0, the extracted k-th dynamic part by yk. The
associated decoded parts are labeled ŷ0 and ŷk. Considering the hierarchal wavelet
transform, we assume that L is dyadic, L = 2N , for any non-negative integer N .

For our rate distortion model, we use the mean square error to determine the
average reconstruction distortion per pixel.

D = 1
L

1
|A|

L∑
l=1

∑
i,j∈A

(x(i, j, l) − x̂(i, j, l))2 (4.3.1)

The average reconstruction distortion is determined by two main contributions,
namely the average reconstruction distortion of the static part D0 and the individual
average distortions of the dynamic parts Dk. Regardless the overlapped pixels in
the dynamic content items, the overall distortion can be approximated as

D = 1
L

L∑
l=1

(
|Bl|
|A|

D0 +
K∑

k=1

|Fk
l |

|A|
Dk

)
(4.3.2)

As extraction and synthesis do not affect the pixel values of the dynamic parts,
the individual average distortions are captured by the distortion due to coding

Dk = 1
L

1
|Fk

l |

L∑
l=1

∑
i,j∈Fk

(yk(i, j, l) − ŷk(i, j, l))2
. (4.3.3)

For the static part, we use temporal subband coding method by utilizing the
static properties of the background video. The advantage of using temporal subband
coding will be addressed in Section 4.2.3. Therefore, the average coding distortion
of the static part can be written as

D0 = 1
L

1
|Bl|

L∑
l=1

∑
i,j∈B

(y0(i, j, l) − ŷ0(i, j, l))2
. (4.3.4)
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The rate-distortion performance mainly depends on the complexity of the con-
tent items. As mentioned earlier, dynamic and static parts have different properties.
Thus, it is reasonable to allocate bitrates depending on the content. For our model,
we allocate average bitrates in bits per pixel for the image sequence that represents
the static part R0 and for the image sequences that represent the dynamic parts
Rk. Hence, we obtain a distortion rate function for our content-adaptive scheme as
follows:

D(R0, R1, . . .) = 1
L

L∑
l=1

(
|Bl|
|A|

D0(R0) +
K∑

k=1

|Fk
l |

|A|
Dk(Rk)

)
(4.3.5)

With this model, we are able to find the optimal rate distortion trade-off for the
individual sub-sequences. For that, we assume that the individual distortion rate
functions Dk(Rk) are convex. Further, we impose a bandwidth constraint. Let the
constant W be the bandwidth which is allocated to the input image sequence, f be
the frame rate for the input video.

The optimal trade-off is obtained by minimizing the average reconstruction dis-
tortion, subject to the imposed bandwidth constraint.

min D(R0, R1, . . . , RK)

s.t.
f

L

L∑
l=1

R0|Bl| + f

L

L∑
l=1

K∑
k=1

Rk|Fk
l | ≤ W (4.3.6)

This constrained problem can be solved by Lagrangian relaxation and leads to the
Pareto condition for our content-adaptive coding scheme:

dDk

dRk
= dD0

dR0
= λc for k = 1, 2, . . . , K (4.3.7)

where the non-negative λc determines the slope of the distortion rate curve of each
content item.

4.3.2 Rate Distortion Model of Temporal Subband Coding
For the static content, we apply temporal subband coding to encode background
video. As we use the HEVC intra coding to encode each subband, we need to build
a rate distortion model to optimally allocation bits among the subbands.

Temporal Wavelet Transform

To match the properties of the background scenes, we eliminate the temporal re-
dundancy among successive frames by using wavelet transforms. To implement the
temporal wavelet transform, we define the input vector Y0(i, j) as the pixels at the
same image coordinate (i, j) in one background video GOP

Y0(i, j) = [y0(i, j, 1), . . . , y0(i, j, L)]. (4.3.8)
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Each input vector is transformed by a N -level wavelet transform, resulting in L
wavelet coefficients

[w(i, j, 1), . . . , w(i, j, L)] = WN [y0(i, j, 1), . . . , y0(i, j, L)], (4.3.9)

where WN denotes the N -level wavelet transform. Note, the 1D wavelet transform
is always applied recursively to the lower subband.

With above temporal wavelet transform, we obtain L subbands of frequency
coefficients by applying (4.3.9) to all pixels y0(i, j, l). Due to the static properties
of the background scenes, the energy of the input frames is accumulated in the
temporal low-band while the energy in the temporal high-bands is relatively small.
This ensures good temporal scalability since the dependencies among subbands are
very weak.

Rate Distortion Model

With the temporal subband transform, the static input video frames are trans-
formed into subbands of wavelet coefficients. Due to the weak dependency among
the coefficient subbands, we consider to use intra-coding techniques to encode them.
On the other hand, to generate an HEVC-compatible output stream, the HEVC
intra-coding method is a good candidate for this purpose.

An efficient coding scheme allocates the bitrate optimally. In particular for
HEVC intra-coding, allocation among subbands becomes a crucial problem. To
accomplish this, we introduce a rate-distortion model that reflects the trade-off
among subbands.

To maintain the consistency of the rate distortion model of entire scene in
(4.3.1), we use the mean square error to determine the average reconstruction dis-
tortion per pixel

D(b)
mse = 1

L

1
|A|

L∑
l=1

∑
i,j∈A

(y0(i, j, l) − ŷ0(i, j, l))2. (4.3.10)

Note that D
(b)
mse is defined on the pixel set A of the entire frame compared to the

D0 in (4.3.4) which is on Bl. We assume the distribution of the distortion per pixel
in the background is ergodic. Therefore, we can use the D

(b)
mse to approximate D0

as we want to study the rate-distortion performance of D0.
Exploiting energy conservation of orthonormal wavelet transforms [Dau88], the

average reconstruction distortion per pixel Dmse is equal to the average coding
distortion of L coefficient subbands

D(b)
mse = 1

L

1
|A|

L∑
l=1

∑
i,j∈A

(y0(i, j, l) − ŷ0(i, j, l))2

= 1
L

1
|A|

L∑
l=1

∑
i,j∈A

(w(i, j, l) − ŵ(i, j, l))2
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= 1
L

L∑
l=1

Dl
coef , (4.3.11)

where Dl
coef is the average coding distortion of coefficients in the l-th subband,

w(i, j, l) are the transformed coefficients and ŵ(i, j, l) their reconstructed values.
As mentioned earlier, each subband has different properties due to the energy

distribution. Thus, it is reasonable to allocate bitrates depending on the content of
each subband. For our model, we allocate average bitrates in bits per pixel Rl

coef

for the l-th subband, where 1 ≤ l ≤ L.
Combing the property of orthonormal wavelet transforms in (4.3.11), we obtain

the distortion rate function for our HEVC-compatible temporal subband coding
scheme as

D(b)
mse(R1

coef , . . . , RL
coef ) = 1

L

L∑
l=1

Dl
coef (Rl

coef ). (4.3.12)

Optimal Bit Allocation among Subbands

With above rate-distortion model, we are able to find the optimal rate distortion
trade-off for L coefficient subbands. We assume that the individual distortion rate
functions Dl

coef (Rl
coef ) are convex. Similarly as in (4.3.6), we impose a bandwidth

constraint. Let the constant Wb be the bandwidth which is allocated to the back-
ground video sequence.

Minimizing Cost Function

The optimal trade-off is obtained by minimizing the average reconstruction distor-
tion, subject to the imposed bandwidth constraint

min D(b)
mse(R1

coef , . . . , RL
coef )

s.t.
f

L

L∑
l=1

Rl
coef |A| ≤ Wb. (4.3.13)

The distortion D
(b)
mse can be rewritten as the average coding distortion of L coeffi-

cient subbands

min
L∑

l=1

Dl
coef (Rl

coef )

s.t.
f

L

L∑
l=1

Rl
coef |A| ≤ Wb. (4.3.14)
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This constrained problem can be solved by Lagrangian relaxation and leads to the
Pareto condition for our temporal subband coding scheme

dD1
coef

dR1
coef

=
dDl

coef

dRl
coef

= −λt for l = 1, 2, . . . , L, (4.3.15)

where the non-negative λt determines the slope of the distortion rate curve of the
individual subbands.

Consider the overall rate-distortion performance of background video, we have

D0 = 1
L

L∑
l=1

Dl
coef

R0 = 1
L

L∑
l=1

Rl
coef . (4.3.16)

With the results we derived in (4.3.15), we have the relationship that

λt = λc, (4.3.17)

which indicates the optimal bit allocation is obtained by have the same slope for
all dynamic content items and temporal subbands.

Approximation of QP − λt Relationship

With the Pareto condition in (4.3.15), we are able to calculate the optimal bitrate
of each subband for a given λt. However, this requires the knowledge of the rate dis-
tortion relationship of individual subbands which may be obtained by pre-encoding
each subband at different bitrates.

Since our coding scheme is HEVC compatible, intra-coding is controlled by as-
signing a quantization parameter (QP ) to each individual subband. This motivates
us to find a relationship between QP and λt. By doing so for a given λt, the optimal
bitrate can be achieved by simply computing the corresponding QP value, which
avoids the heavy computational burden of pre-encoding the subbands.

For intra-frame coding, we assume that the total rate Rl comprises the rate of
the intra-frame predictor Rp

l and the rate of the residual encoder Rr
l [SW98] [FG10].

Therefore, we have the relationship

λt = −
dDl

coef

dRl
= −

∂Dl
coef

∂Rp
l

= −
∂Dl

coef

∂Rr
l

, (4.3.18)

where the detailed proof of (4.3.18) is given in Appendix 4.A.
We assume the reconstruction error of intra-frame coding to be a memoryless

Gaussian signal with distortion-rate function [FG10]

Dl
coef (Rp

l , Rr
l ) = σ2(Rp

l )2−2Rr
l = σ2(Rp

l )e−Rr
l 2ln2, (4.3.19)
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where σ2(Rp
l ) is the variance of the intra prediction error. The partial derivative

gives the relation

λt = Dl
coef (Rp

l , Rr
l )2ln2. (4.3.20)

Compared to the rate of the residual encoder Rr
l , the rate of intra prediction is

small in the high rate case. The distortion D(Rp
l , Rr

l ) is caused only by the residual
encoder. Assuming a high-rate uniform scalar quantizer, we have

Dl
coef (Rp

l , Rr
l ) = Q2

12
, (4.3.21)

where Q is the step-size of the quantizer. Therefore, we can derive the relationship
between λt and Q as

λt = Dl
coef (Rp

l , Rr
l )2ln2 = ln2

6
Q2 ≈ 0.1Q2. (4.3.22)

The step-size of the residual quantizer Q in HEVC is determined by the quanti-
zation parameter QP . As HEVC uses essentially the same uniform reconstruction
quantization (URQ) as in H.264/AVC [SOHW12], we can obtain [SMG12]

Q = 0.2125 × 2
QP

6 , (4.3.23)

which leads to

λt = 0.1 × (0.2125 × 2
QP

6 )2 = ρ × 4
QP

6 , (4.3.24)

where ρ is approximately 0.05. In our work, we slightly adjust it to ρ = 0.025
according to empirical trials. Therefore, we obtain an approximation of the rela-
tionship between λt and QP . The optimal bitrate for each subband can be easily
achieved by assigning a QP for a given λt. Furthermore, this approximation also
reveals that the optimal QP is identical for all subbands in the high rate scenario.

4.4 Experimental Results

In this section, we evaluate our content-adaptive coding scheme by comparing it
with HEVC predictive coding. We evaluate our content-adaptive coding scheme for
three soccer video sets Barca-St. Andreu, LasPalmas 1 half and LasPalmas 2 half
which are provided by the MEDIAPRO group. The videos are captured by fixed
cameras with resolution 1920 × 1080 at 25 fps.

First, the feature based motion estimation is applied on the input videos to ob-
tain the position information of the players. Then, we can generate the dynamic and
static content videos. The content-adaptive coding scheme determines the bitrate
allocation between different content videos. The dynamic content items (i.e., play-
ers and ball) are encoded by using HEVC codec. For intra coding of the coefficient
subbands of the static background scene, we use the RExt profile in HM 10.0. In
other words, up to 12 bits are considered for intra coding of subband coefficients.
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4.4.1 Implementation Issues

To guarantee an efficient orthonormal wavelet transform, we should select an appro-
priate wavelet basis for our temporal wavelet transform. We also have to consider
the computational complexity of the implementation which depends on the length
of the wavelet basis. Therefore, we choose the Daubechies-1 (or Haar) wavelet basis
for our coding scheme due to its lower computational complexity.

The GOP size L is also an important factor for our temporal subband coding
scheme. On one hand, a long GOP size accumulates more energy in the lower sub-
bands and improves the overall rate-distortion performance significantly. However,
varying lighting conditions are challenging for a longer duration. They may break
our static background model, leading to worse energy compaction and, hence, lower
the coding efficiency. In addition, long GOP sizes introduce long encoding and de-
coding delays. On the other hand, short GOP sizes may not be sufficient to exploit
the temporal correlation among frames. With the empirical experiments, we choose
64 frames for the GOP size to balance efficiency and delay.

4.4.2 Static Background Video Coding

We compare our HEVC-compatible temporal subband coding scheme to predictive
video coding as implemented by the HEVC codec HM 10.0. We use random access
(RA) as the configuration of encoding since it has better coding efficiency com-
pared to the other settings. The picture structure for the HM 10.0 is chosen to be
hierarchical-B structure with intra period of 64 frames. We use 64 successive frames
from the test sequences.

As shown in Fig. 4.7, the HEVC-compatible temporal subband coding outper-
forms the HM 10.0. Our scheme saves up to 40% bitrate at 41 dB Y-PSNR for
the first sequence, 50% bitrate at 44 dB Y-PSNR for the second sequence and
50% bitrate at 46 dB Y-PSNR for the third sequence. The improvement is mainly
from three contributions. First, the temporal wavelet transform accumulates most
of the energy in the low-band. Second, the rate-distortion model we proposed in
Section. 4.3.2 allocates the optimal bits to each band which gives the best rate-
distortion performance. Third, HEVC codec provides high efficiency intra coding
for each subband.

4.4.3 Overall Video Coding

Finally, we compare our content-adaptive coding scheme to predictive video coding
as implemented by the HEVC codec HM 10.0. Similar to the setting for HM 10.0 of
the static background coding, we use random access (RA) as the configuration with
intra period of 64 frames. We use 512 successive frames from the test sequences.
More than 13 players appear in the video scenes.

For the static background coding, we use our optimized HEVC-compatible tem-
poral subband coding scheme. To further improve the coding efficiency, we collect
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the low-bands from each GOP and encode them with low delay setting with in-
tra period of 8 frames. In that way, the subband coding efficiency can be further
improved without introducing extra delay.

As shown in Fig. 4.8, the content-adaptive coding outperforms the HM 10.0.
Our content-adaptive coding scheme saves up to 60% bitrate at 41 dB Y-PSNR
for the first sequence, 78% bitrate at 42 dB Y-PSNR for the second sequence and
60% bitrate at 44 dB Y-PSNR for the third sequence. There are two contributions
leading to the results. In particular, the high coding efficiency of HEVC-compatible
temporal subband coding and optimal allocation of bit rate among the video con-
tents. Moreover, we show a subjective comparison with between two patches in a
frame at the same bitrate. As shown in Figs. 4.9, for our content-adaptive coding
scheme, we have shaper and clearer visual quality than the reference scheme.

4.5 Chapter Conclusions

In this Chapter, we discussed a content-adaptive coding approach for soccer video.
A feature-based motion estimation method are used to separate input video into
static background and dynamic foreground subsequences. For the background video,
we eliminate the temporal redundancy among successive frames by using a tem-
poral wavelet transform. This accumulates efficiently the energy into the temporal
low-band while the temporal high-bands show very low amounts of energy. To build
an HEVC compatible coding scheme, we encode each subband by using HEVC intra
coding. With energy conservation of orthonormal wavelet transforms, we construct
a rate-distortion model for subband coding and obtain the optimal bitrate allo-
cation among subbands. For the overall content-adaptive coding, we construct a
rate distortion model to capture the coding distortions of static and dynamic parts.
We obtain a Pareto condition for the optimal bitrate allocation among static and
dynamic content parts. The experimental results show that our content-adaptive
coding outperforms the HM 10.0 for both subjective and objective evaluation.



86 Content-Adaptive Video Coding

0 500 1000 1500 2000 2500 3000

36

38

40

42

44

46

bitrate (kbps)

Y
−

P
S

N
R

 (
d

B
)

 

 

HEVC−compatible temporal subband coding

HM 10.0

0 100 200 300 400 500 600 700 800 900
37

38

39

40

41

42

43

44

bitrate (kbps)

Y
−

P
S

N
R

 (
d

B
)

 

 

HEVC−compatible temporal subband coding

HM 10.0

(a) Test sequence Barca-St. Andreu

(b) Test sequence LasPalmas 1 half

(c) Test sequence LasPalmas 2 half

0 500 1000 1500 2000 2500 3000 3500 4000 4500
38

40

42

44

46

bitrate (kbps)

Y
−

P
S

N
R

 (
d

B
)

 

 

HEVC−compatible temporal subband coding

HM 10.0

40%

50%

50%

Figure 4.7: Performance comparison between our scheme and HM 10.0.
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(a) Content-adaptive coding , 200 kbps, Barca-St. Andreu

(b) HM 10.0 , 200 kbps, Barca-St. Andreu

(c) Content-adaptive coding , 500 kbps, LasPalmas 1 half

(d) HM 10.0, 500 kbps, LasPalmas 1 half

Figure 4.9: Subjective comparison of the reconstructed frame.
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4.A Proof of Theorem (4.3.18)

The total bitrate in the l-th subband Rl is the combination of the rate of the
intra-predictor Rp

l and the residual encoder Rr
l . We have

dDl
coef =

∂Dl
coef

∂Rp
l

dRp
l +

∂Dl
coef

∂Rr
l

dRr
l , (4.A.1)

dRl = dRp
l + dRr

l . (4.A.2)

With the Pareto condition given in (4.3.15), we obtain

dDl
coef + λtdRl = (

∂Dl
coef

∂Rp
l

+ λt)dRp
l + (

∂Dl
coef

∂Rr
l

+ λt)dRr
l = 0. (4.A.3)

Therefore,

λt = −
dDl

coef

dRl
= −

∂Dl
coef

∂Rp
l

= −
∂Dl

coef

∂Rr
l

. (4.A.4)





Chapter 5

Mobile 3D Visual Search

“Let no-one ignorant of geometry enter.”
— Plato, Greek philosopher

This Chapter presents a scheme for mobile 3D visual search that facilitates
mobile recognition of 3D objects. We use a multi-view approach to extract
the 3D geometric information of the query objects and integrate it into

features descriptors. With that, we generate an embedded presentation of query
descriptors by using the rate-constrained quad-tree to meet the given transmission
bandwidth. At the server side, we utilize a graph model to describe the feature cor-
respondences between multi-view images. To add features of images from new view-
points, we design a level raising algorithm and the associated multi-view geometric
verification. Thus, a double hierarchy has been embedded in the data structure,
namely the hierarchically structured multi-view features for each object and a tree
hierarchy from multi-view vocabulary trees. By utilizing the advantage of the hier-
archical structures and incorporating with the 3D geometry information, it allows
us to evaluate the consistency of the 3D geometry at low computational complexity.
Thus, a cost function is proposed for object matching and ranking using geomet-
ric consistency. With that, we devise an iterative algorithm that accomplishes 3D
geometry-based matching and ranking1.

5.1 Introduction and Related Works

In recent years, the advancement of wireless mobile devices and the desire for an
augmented reality in a real-world environment have raised interest in applications
of mobile visual search [GCGR11] [SHC+11] [CG14] [CG15] [LF13]. Visual search
allows interactive and semantic access to real-world objects by simply taking a
picture of the desired object. With the integration of digital cameras into mobile
devices, image-based information retrieval for mobile visual search is developing

1This work has been supported in part by EIT ICT Labs in the context of the project 14452
“Mobile 3D Visual Search in 3D Environments”.
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rapidly. It aims to provide an augmented reality in a real-world environment by
utilizing the methods of content-based information retrieval [LSDJ06] [SWS+00].
However, the challenges of mobile image retrieval are rooted in the bandwidth
constraint and the limited computational capacity of mobile devices. Thus, a crucial
problem is the efficient utilization of the information in the mobile images with
bandwidth and computational capacity constraints. To solve this problem, most of
the mobile visual search algorithms use the so-called bag of features approach [SZ09]
where only the salient image features are extracted and sent.

The well-known Scale Invariant Feature Transform (SIFT) [Low04] has been
widely used in visual search applications for bag of features approach. It is more
robust than many other well-known features in the context of feature matching and
recognition due to its invariance under rotation, scale change and affine transforma-
tion [SLL05] [MS05]. However, the direct transmission of SIFT descriptors is not
practical due to the large data volume. In particular, the amount of SIFT data is
usually larger than the size of the JPEG-compressed image itself [GCGR11]. Hence,
one solution is coding and using the compressed feature descriptors. One approach
takes the advantage from the structure of video coding and encodes the visual fea-
tures by using the interframe predictive coding techniques [MCT+14]. Another effi-
cient approach is known as Compressed Histogram of Gradients (CHoG) [CTC+12],
which can reduce the data rate by factor 20 when compared to that of the uncom-
pressed SIFT descriptors. However at very low data rate, the recall rate decreases
significantly as only a few features can be matched correctly.

Besides, most mobile visual search uses only 2D image-based features for object
recognition while ignoring the underlying 3D geometric information. Expanding
feature descriptors to capture also 3D geometric information will improve the recall
rate. In such a case, the assessment of a query will be based on the visual appearance
of the object as well as the underlying 3D geometry. That is, in cases where the
visual appearance of a query is very similar, the underlying 3D geometry can be
used to discriminate objects, known as mobile 3D visual search [LF13] [LLF14]
[MWLF15b].

These kinds of methods obtain the 3D geometric information of an object by us-
ing the multi-view imagery. The multi-view imagery provide a way to discriminate
the quality of the features based on the geometry of the features. The discrimina-
tion of image features is usually based on feature correspondences across multiple
views. Features with well-established correspondences are more robust for match-
ing with query features. By utilizing relevant multi-view feature correspondences,
it is possible to achieve an advanced matching performance while using a smaller
number of image features. Different from using the compressed feature descriptors,
multi-view features improve the recall rate by sending only the reliable features. A
hierarchical structure of multi-view features allows the selection of image features
which is based on feature correspondences across multiple views [LLF14]. Hierar-
chically structured multi-view feature sets with multiple levels are constructed and
used for efficient matching.

On the other hand, with knowing the 3D geometric information which associated
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with the multi-view features, we are able to verify the geometry reliably. Usually, an
2D epipolar-constrained RANSAC algorithm [FB81] is used for single-view visual
search. However, the 2D epipolar constraint can not capture the 3D information
of the object. For the cases of a query is very similar, or the query image is taken
from another image, a so-called “picture pair of picture”, the 2D methods will fail.
As the 3D geometric information of the features is available, one method [LF13]
utilizes the Helmert transformation [Wat06] to transform the 3D geometry of query
and database objects into the same coordinate system. However, it leads to high
computational complexity due to the Helmert transformation.

Besides, several issues of mobile 3D visual search are needed to be considered.
With using the 3D geometric information, the reliability of geometric verification
is improved. However, the computational complexity should be limited compare to
the using of 2D geometric verification. RANSAC based methods may be used to
distinguish the outliers from the inliers by exploiting statistical consensus. However,
the speed of the algorithm depends heavily on the computational complexity of
RANSAC. A fast geometric ranking method has been proposed in [TCT+10]. It
evaluates the geometric consistency by exploiting the geometric similarity between
matched features. With 3D geometric information of the object, we can efficiently
extend this method to features in 3D space, which are more robust to perspective
transformation of objects.

Another issue is the efficiency of the server database. The mobile 3D visual
search utilizes a multi-view feature database for image retrieval. The multi-view
feature database is able to accommodate the 3D geometric information of the ob-
ject since the server usually has more the memory and computational capabil-
ity than the client. However, when the database grows by adding more features,
it is important to flexibly accommodate and index new features. In particular
for multi-view imagery, adding more images at different scales and perspectives
is common [TL09] [PM12] [LF13]. The well-known vocabulary tree (VT) meth-
ods [NS06] [CTC+10] [ML14] [MWLF15b] have been widely used in indexing the
image features. It essentially utilizes k-means methods to partition the descriptor
space into visual words. Then, the clustered visual words are used to construct the
vocabulary tree. For robust image retrieval, multi-view scalable vocabulary trees
have been used in [CTC+09]. Multiple vocabulary trees may be generated with
respect to different view perspectives. This method measures the distortion of the
descriptors when there is a change of perspective. It is suitable for planar objects
such as CD cover images where all feature points are located on the same plane.
It has been shown that using multi-view scalable vocabulary trees can significantly
increase the image retrieval performance when compared to using a single view ap-
proach. This motivates us to utilize multi-view scalable vocabulary trees to handle
the 3D geometry of objects.

In this chapter, we propose a systematic model for mobile 3D visual search
as shown in Fig. 5.1. The end-to-end system of mobile 3D visual search has been
divided into three parts:
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• The first part extracts and encodes the stereo features of the query which is
introduced in Sec. 5.2.

• The second part holds the stereo-feature database derived from the multi-view
imagery which is discussed in Sec. 5.3.

• The third part matches the query against the server database which is demon-
strated in Sec. 5.4.

With this model, we are able to generate an embedded representation of query
features at the client side along with 3D geometric information. For the server side, a
double hierarchical data structure, namely the hierarchically structured multi-view
features for each object and a tree hierarchy from multi-view vocabulary trees. By
utilizing the structure and 3D geometric information of both client and server side,
we develop an iterative algorithm for 3D geometry-based matching and ranking.

Pairwise images

Feature-based processing

                 (part I) 

Stereo-feature extraction

Rate-constrained selection

Feature coding

Query sending

Query matching (part III) 

Query ID and list of similar objects

Client

Server

Multi-view feature extraction

Multi-view calibration

Multi-view vocabulary tree

Multi-view database (part II) 

Joint geometric verification 

     matching and ranking

Multi-view images

Figure 5.1: Mobile 3D visual search.

5.2 3D Visual Queries on Mobile Devices

In the following, we discuss the algorithm at the client. We aim at an efficient selec-
tion and encoding of the most relevant stereo features while meeting the constraints
of bandwidth and computational capability.

5.2.1 Acquisition of Image Pairs and SIFT Feature Matching
The images of the query building are acquired by a monocular digital camera which
can be commonly found on mobile devices. Considering that the computational
capability of mobile devices is relatively low, we take only two images from different
viewpoints for each building and define them as the image pair Vk.

For each image pair Vk, we extract the SIFT features and find the correspon-
dences. The correct correspondences relate to the same 3D point in the scene and,
hence, can be used to identify the geometric information of the related features.
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To refine the matching results, we use the eight-point epipolar-constrained [HZ04]
RANSAC algorithm [FB81]. Finally, we get a set of reliable feature correspondences,
defined as the stereo feature set Qc at the client side.

There are two advantages of sending stereo features. First, we can represent
the geometric information associated with the features. Second, features with es-
tablished correspondences on the client side are more robust for matching on the
server side.

5.2.2 Rate-Constrained Feature Selection
For a query of the database at the server, we transmit a set of stereo features. In
order to meet the bandwidth constraint, we sample stereo features from Qc and
send only the most reliable candidates.

Let Bb be the bandwidth constraint of the mobile device and Bt = ρM the
actual bandwidth, where M is the number of transmitted stereo features and ρ the
datarate per stereo feature, which will be addressed in Section 5.2.3.

Further, let d(x, y) denote the feature distribution over the image support
I(x, y), where x and y are the image coordinates. In order to choose relevant fea-
tures in a rate-constrained setting, we approximate the feature distribution by a
quad-tree representation. We partition the image support into a set of M piecewise
dyadic regions T = {Rm, m = 1, . . . , M}, where the individual regions Rm satisfy
∪M

m=1Rm = I and Rm ∩ Rm′ = ∅ for m ̸= m′. With that, the approximate feature
distribution for a given partition T is

dT (x, y) = 1
|Qc|

M∑
m=1

|Sm|gm(x, y), (5.2.1)

where |Sm| is the size of the stereo feature set Sm in a given region Rm and
gm(x, y) = 1Rm(x, y) the indicator function for the region Rm. Note that this
approximation can be easily expanded to non-dyadic regions.

As we use the model distribution (5.2.1) to approximate the actual feature
distribution, a larger M will lead to a better approximation with smaller approxi-
mation error variance E

{
(d − dT )2} [NB99]. However, it will also result in a higher

bandwidth cost. Therefore, we need to balance the trade-off between approximation
error and bandwidth. We obtain the optimal partition Topt by solving the following
rate-constrained problem

min
T

E
{

(d − dT )2}
s.t. ρM ≤ Bb. (5.2.2)

We solve this problem by recursively partitioning Qc into M subsets from top-to-
down. Each node in the tree is defined by a dyadic square Rm. A new partition
T can be formed by decomposing one of the dyadic squares Rm into four dyadic
sub-squares. We always decompose the dyadic square Rm which leads to a smaller
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error variance. With this recursive partition method, we need to visit each node of
the tree only once. Two examples of the rate-constrained quad-tree approximation
are shown in Fig. 5.2.
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Figure 5.2: Quad-tree partition of stereo feature space into at most 100 dyadic
squares. Each highlighted block indicates one dyadic square Rm, the number in
each square indicates the size of feature set |Sm|.

For a given optimal partition Topt, we use the Euclidean distance ratio between
the first and second nearest feature correspondence [Low04] to choose the most
robust stereo feature in each subset Sm. In other words, we select the stereo feature
with the smallest distance ratio in each Sm. Hence, M robust stereo features from
Qc will be transmitted to the server.

5.2.3 Coding of Stereo Features

After choosing M stereo features by rate-constrained approximation, the features
are encoded with high accuracy such that the feature information can be recon-
structed at the server.

We need the location information of features in both images to reconstruct
the 3D geometric information from the stereo features. For efficient encoding, we
encode the 2D location data in one image and the disparity information in the other.
Additionally, the intrinsic information of the camera, including the focal length
and the image size, is also transmitted. The use of intrinsic camera information is
discussed in Section 5.3.3.

Therefore, we have three sets of parameters to encode: SIFT descriptors, location
data and intrinsic camera information. As we require a high accuracy for the selected
stereo features, we choose a double-precision representation for each parameter and
use arithmetic coding to encode the parameter sets. With this approach, we achieve
a datarate ρ of about 0.1 KBytes per stereo feature.
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5.3 3D Feature Database at the Server

Large-scale objects such as buildings are usually hard to match due to significant
change of viewpoint and lighting conditions between query and server. Thus, an
image database at the server with a considerable perspective diversity will improve
the performance of mobile visual search.

For the server, we acquire multiple images from each building. For each im-
age, we extract a set of the Scale Invariant Feature Transform (SIFT) features due
to its robustness under rotation, scale change and affine transformation [Low04].
However, as there are multiple feature sets for the same object, the redundancy
in feature space is high. Thus, an efficient feature selection algorithm is needed to
discriminate features. On the other hand, as the images are taken from different
perspectives with varying lighting conditions, using a robust representation of fea-
ture descriptors is important for reliable feature matching. Furthermore, the data
structure should be augmentable to be able to to add features from new viewpoints.

Figure 5.3: Hierarchical sets of features from four views.

5.3.1 Hierarchical Structure of Sets of Features

Due to the high redundancy among the multi-view image features, comparing the
features received from the client to all the features at the server is inefficient. More-
over, the reliability of features in the multi-view imagery is varying. For example,
the features from the foreground are more reliable when compared with those from
the background. Therefore, a best-feature-first policy should be applied such that
more reliable features are used first.

C4
1,2,3,4

C5
1,2,3,4,5

C6
1,2,3,4,5,6

C3
1,2,3

...  ...

Figure 5.4: Feature correspondences modeled as complete graphs.

Multi-view feature correspondences provide a way to measure the reliability
of the features. Let fi ↔ fj be a feature correspondence, where fi denotes the
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feature point in the i-th image and fj the corresponding one in the j-th image.
Further, let fi ↔ fj ↔ . . . ↔ fk be a multi-view feature correspondence that
indicates a correspondence among features in several images. With that, we define
a set of feature correspondences using l images Cl

i,j,...,k = {(fi, fj , . . . , fk)|fi ↔
fj ↔ . . . ↔ fk} and represent it by a complete graph with l vertices. The i-th
vertex in the graph represents a feature in the i-th image. Each edge represents
the correspondence between two features. Our multi-view feature correspondences
imply correspondences between all possible pairs of features. Hence, we represent
them as undirected complete graphs. Examples of sets Cl

i,j,...,k are shown in Fig. 5.4.
The advantage of modeling multi-view feature correspondences as complete graphs
for geometric verification will be addressed in Section 5.3.2.

For our problem, a complete graph with more vertices is more reliable and
representative than a complete graph with less vertices. Simply speaking, a large
complete graph represents correspondences among many images. An example with
four vertices is shown in Fig. 5.3. Here, a graph with four vertices is the largest since
it establishes correspondences among all four images. Most of the correspondences
relate to the foreground object. Note, there are no multi-view features located on
the background objects such as containers, humans, and remote buildings.

As multi-view features with more vertices are more reliable for robust match-
ing, we structure the sets of feature correspondences in a hierarchical manner. In
particular, sets of feature correspondences with l vertices are placed on level l. Fur-
ther, subsets with l vertices, where feature correspondences can be established, are
placed on level l. An example for hierarchical sets of features with four levels from
four views is shown in Fig. 5.5.

Each feature correspondence fi ↔ fj ↔ . . . ↔ fk at level l has l SIFT feature
descriptors with 128 coefficients each. Thus, if there is a common feature descriptor
to represent the l corresponding features, we can reduce the number of descriptors
significantly. Due to image noise, changes of perspective, and varying lighting con-
ditions, we view the l feature descriptors as a set of measurements with outliers.
To represent them by a reliable descriptor, we take the median of the l descriptors
as a robust estimate [HR09]:

d̂l(u) = Median{dl
h(u) : h = i, j, . . . , k}, u = 1, . . . , 128, (5.3.1)

where d̂l is the representative descriptor at level l, and dl
h the feature descriptor in

the h-th view.
The hierarchical structure offers four advantages: First, the quality of a set of

features is supported by multiple correspondences as determined by the associated
graph. Second, the representative descriptor which is estimated by the median of
the feature descriptors is robust to changes of perspective and varying lighting con-
ditions. Third, using the representative descriptors reduces the redundancy of the
set of features significantly. Fourth, progressive matching and recursive adding of
new features can be accomplished efficiently. We will address the fourth advantage
in the following.
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Figure 5.5: Hierarchical sets of features with four levels from four views.

5.3.2 Adding New Features to the Hierarchical Structure
For reliable search, more features from different viewpoints improve the probability
of correct recall of a query. To improve the quality of the sets of features at the
server, and hence, improve the recall results for visual search, we would like to add
features captured from new viewpoints or at different lighting conditions to the
existing sets at the server.
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Figure 5.6: Adding new features to the current sets of features.

The hierarchical structure of the multi-view feature sets offers the advantage
that features from new images can be added to the existing sets in an incremental
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fashion. We propose a top-to-bottom algorithm to efficiently raise each level of the
hierarchical structure. An example is shown in Fig. 5.6.

Let S
(t)
k denote the set of new features from the k-th viewpoint at the updating

step t. We assume that there are k−1 views in the existing sets, then the maximum
number of levels is m = k − 1. As the top level contains the most robust features
when compared to the other levels, we begin the raising algorithm from the top
level.

In the beginning, we match the hierarchical sets C
m,(0)
i,...j at level m with the

feature set S
(0)
k by using the fast nearest-neighbor criterion [Low04]. It will result

in three sets of features. The first set is the new hierarchical set Cm+1
i,...j,k with added

features from S
(0)
k which has been raised to m + 1. The second and third sets are

the remaining hierarchical sets at level m and the updated set of new features at
step 1, denoted as C

m,(1)
i,...j and S

(1)
k , respectively. The remaining hierarchical sets

C
m,(1)
i,...j still sit on level m, while the updated feature set S

(1)
k is matched with the

sets at level m − 1 in the next step. Note that after matching the new feature set
Sk at all levels, a geometric verification is needed to eliminate possible outliers. We
will address this verification in Section 5.3.2.

With our hierarchical structure, we are able to raise the sets at a lower level
to an higher level if a matching feature can be found in the set of new features.
The remaining features in S

(t)
k which can not be matched at all will be placed at

the bottom level m = 1. Usually, most of the features at the bottom level are from
background objects which are less helpful. However, when continually adding new
features, relevant features at the bottom level will be raised if new correspondences
are found. Therefore, with this algorithm, we obtain a hierarchically structured set
with scalable quality.

Geometric Verification using the Multi-View Fundamental Matrix

The level raising algorithm allows us to add new features to the existing set. How-
ever, the results of descriptor matching may contain outliers. Therefore, a suitable
geometric verification is necessary for the level raising algorithm. In particular, it
needs to accommodate the multi-view camera scenario.

In this work, we use the epipolar constraint as the geometric constraint. The
n-view epipolar constraint can be expressed as

p Fn qT = 0, (5.3.2)

where p = [x1, y1, 1, x2, y2, 1, . . . , xn−1, yn−1, 1] is the image coordinate vector of the
feature correspondences in 1, . . . , n − 1 views, q = [x2, y2, 1, x3, y3, 1, . . . , xn, yn, 1]
the vector in 2, . . . , n views. Fn is the n-view fundamental matrix in R3(n−1)×3(n−1).
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Due to the underlying symmetry, we write it as an upper triangular matrix

Fn =



F1,2 F1,3 F1,4 . . . F1,n

0 F2,3 F2,4 . . . F2,n

0 0
. . . . . . . . .

0 0 0
. . . Fn−2,n

0 0 0 0 Fn−1,n


, (5.3.3)

where each Fi,k is a two-view fundamental matrix between the i-th and k-th view.
Further, each non-zero block matrix Fi,k in Fn represents an edge between the i-th
and k-th vertex [LW03].

As the number of correspondences N is usually large, we have to work with
an over-determined expression. We determine the fundamental matrix by the least
square error solution F∗

n according to

min
Fn

|Cn
i,j,...,k|∑
h=1

[
ph Fn qT

h

]2
s.t. rank(Fi,k) = 2, ∀i ∈ [1, n − 1], ∀k ∈ [2, n] (5.3.4)

where h indicates the h-th feature correspondence.
However, the dimension of Fn is growing with the number of views. This leads

to high costs for solving (5.3.4). Therefore, we propose a recursive algorithm for the
estimation of the multi-view fundamental matrix by utilizing the properties of the
level raising algorithm. For adding the n-th new viewpoint, we decompose Fn into
two parts, denoted by the known part Rn−1 and the new part Bn,

Fn =



F1,2 F1,3 F1,4 . . . F1,n−1 F1,n

0 F2,3 F2,4 . . . F2,n−1 F2,n

0 0
. . . . . . . . . . . .

0 0 0
. . . Fn−2,n−1 Fn−2,n

0 0 0 0 0 Fn−1,n



=


Fn−1 F1,n

...
0 Fn−1,n

 , (5.3.5)

where the left part is Rn−1 and the right part Bn, such that Fn = [Rn−1, Bn].
Rn−1 contains the (n − 1)-view fundamental matrix Fn−1. It essentially repre-

sents the geometric constraints of the previous level which are unchanged. The new
part Bn = [F1,n, . . . , Fn−1,n]T represents the new geometric constraints between
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the views 1, . . . , n − 1 and the new view n which is introduced by the set of new
features Sn. Therefore, we only need to accurately estimate Bn when adding a new
view.

As Bn contains n − 1 fundamental sub-matrices, we estimate each fundamen-
tal matrix Fk,n individually. Note that we do not make any assumptions such as
knowing the intrinsic parameters of the cameras. Hence, we do not utilize the de-
pendencies among the fundamental matrices like [LW03]. After applying the level
raising algorithm, we get a set of new feature correspondences {Cl

i,...,j,n} where the
indices i, . . . , j ∈ [1, . . . , n − 1] and l ∈ [1, . . . , n]. Now, we extract all correspon-
dences between the views k and n with

C∗
k,n = {(fk, fn)|fk, fn ∈

n∪
l=2

∪
i,...,j

Cl
i,...,j,k,n}, (5.3.6)

where C∗
k,n denotes the accumulated set of correspondences between the views k

and n. We apply the epipolar-constrained RANSAC algorithm [HZ04] on C∗
k,n and

obtain a reliable estimate of the fundamental matrix Fk,n. The outliers in Sn are
placed on the bottom level.

With that, we only need to update the sub-matrix Bn when adding the n-th
viewpoint. This recursive algorithm allows us to implement the multi-view geomet-
ric verification at low computational complexity.

5.3.3 Multi-View Calibration

To obtain the multi-view geometric information, we need to calibrate multiple views
jointly. Outliers and accumulating relative orientations among multiple views intro-
duce the re-projection error for usual multi-view calibration methods. With using
the level raising algorithm and multi-view fundamental matrix, we calibrate the
multiple views progressively. Associated with the hierarchical structure, it provides
an efficient way to minimize the number of outliers before the calibration. Thus,
the accuracy of the multi-view calibration can be improved.

Two-view self-calibration

Our multi-view calibration begins with a two-view self-calibration for the first two
views. We use the intrinsic information from the EXIF tags of the camera image file
to estimate the intrinsic camera parameter, in particular the focal length r = b·rm

bm
,

where r and b are the focal length and the image width in pixels, rm and bm are
the actual focal length and the width of the CCD sensor in millimeters, which are
readings from the EXIF tags.

To solve the ill-posed problem of self-calibration caused by outliers of feature
correspondences, we utilize the reliable fundamental matrix F1,2 from the multi-
view fundamental matrix Fn. With the intrinsic matrices A1 and A2 of view 1
and 2, we calculate the essential matrix E1,2 = A2

T F1,2A1. We set the view 1
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as reference view at the origin of the 3D world coordinates. For a given essen-
tial matrix E1,2, four solutions for translation matrix T2 and rotation matrix R2
of view 2 can be calculated by applying singular value decomposition (SVD) on
E1,2 [Car07]. Physically impossible solutions are discarded by using the positive
depth constraint [MSKS03]. After knowing the self-calibration parameters, the set
of 3D world coordinate P ∗

1,2 = {(X1,2, Y1,2, Z1,2)} of the accumulated set of corre-
spondences C∗

1,2 between the views 1 and 2 can be calculated up to an unknown
scale.

Calibration a new view

To align all stereo features among all available views, we use the direct linear
transform (DLT) [HZ04] to add additional views to the calibration process. We
assume the view n − 1 and view n have been calibrated, the view k is the new view
to be calibrated. Thus, the set of 3D world coordinate P ∗

n−1,n has been calculated.
Similar to (5.3.6), we can extract all correspondences between the views n − 1, n
and k with

C∗
n−1,n,k = {(fn−1, fn, fk)|fn−1, fn, fk ∈

n∪
l=2

∪
i,...,j

Cl
i,...,j,n−1,n,k}, (5.3.7)

As the set of 3D world coordinate P ∗
n−1,n,k of accumulated set of correspondences

C∗
n−1,n,k is a sub-set of P ∗

n−1,n, we can easily obtain it. Therefore, the projection
matrix of the new view is calculated by the DLT from P ∗

n−1,n,k. The camera cali-
bration parameters of view k are obtained by decomposing the projection matrix
with QR-factorization.

Bundle adjustment

Finally, we use the non-linear least squares method known as Levenberg-Marquardt
algorithm [NW06] to minimize the re-projection error caused by accumulating rel-
ative orientations. We use the sparse bundle adjustment [LA09] for an efficient
implementation. Two examples of 3D reconstruction of stereo features are shown
in Fig. 5.7.

5.3.4 Multi-View Vocabulary Trees

To match a query with the corresponding object at the server, well-known vocabu-
lary tree (VT) methods [NS06] [CTC+10] have been widely used. It can efficiently
index image features from a large number of different objects. However, the flexible
adaptation of vocabulary tree to handle different perspectives of the same object
becomes a crucial problem.
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Figure 5.7: 3D reconstruction of stereo features using multi-view images. A small
snapshot is shown in the upper right corner. The subplot (a) uses 8 images with
58285 stereo features; the subplot (b) uses 10 images with 82213 stereo features.

Construction of Vocabulary Trees

With hierarchically structured multi-view features, we are able to generate vocab-
ulary trees [NS06] which are based on multi-view feature descriptors. Both hierar-
chical and tree structures provide us an advantage when constructing a memory-
efficient representation.

To construct the vocabulary tree, we apply recursively the k-means clustering
method [KMN+02] on the representative descriptors. Note that we use the Eu-
clidean distance for representative descriptors. We generate a D level tree with K
branches at each level. Each node of the tree is known as a visual word and the
nodes at bottom level are called leaf nodes. The visual vocabulary is composed of
the visual words in the leaf nodes. It has been shown in [NS06] that the memory
occupation of the vocabulary tree is linear in the number of leaf nodes KD. If the
N -dimensional visual word is represented by single precision in MATLAB, the size
of the tree is approximately 4NKD bytes.

The combination of D and K is given and determined by the requirement of
memory usage. Let the total number of descriptors which are used to generate
the tree be denoted as M . Generally speaking, the more descriptors are involved
in constructing the tree, the higher is the chance that the query features can be
matched correctly. However, the number of descriptors which are associated with
the leaf nodes is monotonically increasing with respect to the number M . Thus, the
risk of outliers becomes relatively high due to the characteristic of the tree matching
algorithm, as explained in Sec. 5.4. In this situation, it is desirable to choose more
discriminative descriptors to generate the tree with a limited number of M .

To achieve this, we efficiently utilize the hierarchical structure of the multi-view
features. We structure the features from top to down and use the most reliable
descriptors to construct the vocabulary trees. On one hand, the descriptors on the
top levels are more robust for matching against the query features. On the other
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hand, this limits the number of descriptors associated with each leaf node and
reduces the risk of outliers.

Object-Based TF-IDF Weighting

We use the concept of term frequency-inverse document frequency (tf-idf) to assign
the weighting to each leaf node [SZ09]. Different from conventional tf-idf weighting
based on images, our weighting is based on the objects associated with the multi-
view images.

For the i-th leaf node, let the number of objects associated with leaf node i be
denoted as Ni. For the features of the k-th object associated with this node, the
tf-idf weighting factor is given by

wi,k = ni,k

nk
log N

Ni
, (5.3.8)

where ni,k is the number of multi-view features of the k-th object associated with
the leaf node i, nk the total number of multi-view feature of the k-th object and
N the number of objects in the whole database. The part ni,k/nk describes the
term frequency which indicates the importance of the associated feature in the k-th
object. The part log N

Ni
describes the inverse document frequency which penalizes

features that appear often among leaf nodes in the database.

5.4 3D Geometry-Based Object Ranking

Now we match query features by using our multi-view vocabulary tree. For fast
and accurate matching, we develop an iterative algorithm for 3D geometry-based
ranking.

5.4.1 Cost Function

Vocabulary tree matching and geometric consistency verification are two important
steps for a successful query. For vocabulary tree matching, a short list of candidate
objects is generated by ranking the tf-idf score of each object. For geometric consis-
tency verification, we evaluate the geometric consistency of the candidate objects
which we have obtained from the vocabulary tree matching.

Conventional methods usually apply these two steps sequentially on the input
query features. This means that the procedure of geometric verification is applied af-
ter vocabulary tree matching. Therefore, we develop a new method which combines
both steps and outputs an object ranking that considers geometric information.

We consider a constrained problem. If candidate objects have very similar tf-
idf scores, then the ranking of these candidate objects is determined by geometric
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consistency verification. The constrained optimization problem reads

min
k

Jk

s.t. |sk − sj | ≤ δ, k ̸= j, (5.4.1)

where Jk is the cost of geometric inconsistency, sk the tf-idf scoring function of the
k-th object, and Ω = {k| |sk − sj | ≤ δ, k ̸= j} is a set of object indexes associated
with objects on a similar score level as defined by the small threshold δ.

By solving this problem, the ranking of a set of objects is determined by sorting
according to the geometric inconsistency. Now, if the tf-idf scores of the candidate
objects are updated by incoming query features, our approach will allow us an
iterative algorithm for 3D geometry-based ranking. The implementation of this
algorithm is discussed in Sec. 5.4.2.

Scoring Function

We use our multi-view vocabulary tree to serve each incoming query feature. The
best-bin-first strategy is used recursively, it compares the query only to the children
nodes of the best parent node. With this approach, each incoming query feature
can reach the expected leaf node efficiently.

For each candidate object in the database, we can obtain a set of leaf nodes
which the query features have reached. Let this set for the k-th object be denoted
as Ik. Conventional methods define the score of the k-th object as the sum of the
weighting factors of the leaf nodes in Ik

sk =
∑
i∈Ik

wi,k, (5.4.2)

where wi,k is the tf-idf weighting as shown in (5.3.8).
However, it ignores the distance between query and matched leaf node which

reflects the confidence of the query matching. Therefore, we introduce a credibility
value to each correspondence between query and leaf node. It measures the distance
ratio between first and second closest leaf node for each incoming query feature

ci,k = 1 − dl(1)/dl(2), i ∈ Ik, (5.4.3)

where dl(1) is the Euclidean distance between query descriptor and centroid of the
closet leaf node and dl(2) that of the second closest leaf node. The credibility value
reflects the confidence of the query matching. It is close to 1 when the query feature
can be clearly distinguished between first and second closest leaf nodes. It is close
to 0 when the query feature lies close to the border of two leaf nodes.

Moreover, the performance of classification depends on the size of the tree as
well as the selection of the scoring function. Using the sum of the weighting factors
as a scoring function is suitable for scenarios with small vocabulary trees. In such
scenarios, the number of descriptors associated with each leaf node is usually large.
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Then, the td-idf weighting in (5.3.8) can discriminate the importance of different
features. However, for large vocabulary trees, the number of descriptors associated
with each leaf node is usually small. This leads to td-idf weighting that is less
discriminative. Thus, a counter |Ik| which indicates the number of query descriptors
that are matched with the k-th object in the database will be helpful for a scoring
function.

Considering above scenarios, we define the score for the k-th object candidate
as a product of the counter with the weighted sum of the td-idf values

sk = |Ik|
∑
i∈Ik

wi,kc2
i,k. (5.4.4)

Empirical results suggest to use the square of the credibility values for weighting.
Due to above counter, the scoring function grows incrementally for all candidate
objects with the incoming query features. Thus, an iterative algorithm can be im-
plemented by monitoring the constrains on the scoring function.

3D Geometric Consistency

Vocabulary tree matching provides us a set of feature correspondences Qk between
the query and database features of the k-th candidate object. However, purely
vocabulary tree matching contains outliers in Qk, which influence geometric con-
sistency verification significantly. The first step is to choose a subset of reliable
correspondences from Qk, i.e., Q̃k ⊂ Qk. With this step, we can avoid using the
outliers in Qk as well as limit the computational complexity. To do this, we borrow
the idea from [TCT+10]. We sort the correspondences by counting the number of
descriptors under the associated leaf-nodes. Usually, the leaf node which contains
less descriptors is more unique and reliable than that with more descriptors. There-
fore, we can generate a set of reliable correspondences Q̃k where |Q̃k| ≤ |Qk|. Note,
the computational complexity of geometric verification depends only on |Q̃k|.

Each feature correspondence in Q̃k contains a query feature q and a database
feature p. Combining the location data of the query features and the intrinsic camera
information, we obtain the set of 3D world coordinates W c by using the method
of two-view self-calibration. Similar, we are able to obtain the set of 3D world
coordinates W s for the database features.

For correct feature matching in Q̃k, we use the seven-parameter Helmert trans-
formation [Wat06] to describe the relationship between the 3D world coordinates
of query and database object points

w⃗c = κ Φ w⃗s + t⃗, (5.4.5)

with w⃗c ∈ W c and w⃗s ∈ W s, where κ is the scale parameter in R+, Φ the ro-
tation matrix in R3 and t⃗ the translation parameter in R3. One example is of
Helmert transformation is shown in Fig. 5.8. In our earlier work [LF13], we use the
Helmert-constrained RANSAC to estimate the parameters. However, it results in
high computational complexity due to the RANSAC iterations.
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Figure 5.8: Helmert transformation between two 3D objects.

Hence, we are not going to estimate the parameters in (5.4.5). It is sufficient
that we only calculate the 3D misalignment between 3D world coordinates of each
query and database correspondence

g(q, p) = log2

[
1 + ∥w⃗c(q) − w⃗s(p)∥

]
, (5.4.6)

where g is the function of calculating the 3D misalignment. The log2 operation
allows us to limit the dynamic range of the misalignment. Note that the 3D mis-
alignment only depends on the transformation between two coordinate systems
(i.e., query and database) and is invariant to the absolute position of individual 3D
points. It remains a constant value for all correct matches.

Thus, we define the cost of 3D geometric inconsistency in (5.4.1) by the variance
of the 3D misalignment

Jk = var {g(q, p)}, q, p ∈ Q̃k. (5.4.7)

For a set of correspondences which contains consistent matches, the variance J
is usually small. Therefore, the object candidates can be ranked by sorting the
variances of the 3D misalignment.

5.4.2 Iterative Matching and Ranking Algorithm
We exploit the incremental properties of the scoring function and develop an iter-
ative algorithm for 3D geometry-based ranking. For each incoming query feature,
the scoring function of the candidate objects is updated according to (5.4.4). Thus,
the scores of the candidate objects are growing incrementally with the incoming
query features.
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Algorithm 2 Algorithm for 3D geometry-based ranking.
1. Initialize: Set the score sk = 0, k = 1 . . . N for all objects and the set of object
indexes Ω = ∅;
do Update the scores by matching the incoming query features against the vo-
cabulary tree;
a) Update Ω for which |sk − sj | ≤ δ, k ̸= j;
b) Calculate the cost of 3D misalignment for all objects in Ω;
c) Update the ranking of objects in Ω by using above costs;
until All incoming query features have been used.
2. Output the results of object ranking.

Once two or more candidates reach a similar score level, we are able to define a
set of object indexes Ω which contains indexes of objects with similar scores. Then,
we evaluate the geometric consistency by using the method as proposed in Sec. 5.4.1.
The objects in set Ω are re-ranked by the geometric consistency. A description of
the algorithm is shown in Fig. 2.

With this algorithm, we are able to re-rank groups of objects when they satisfy
the constraint of similar score level. Due to the vocabulary tree, we can update the
scores easily. This approach allows us 3D geometry-based ranking. The top-ranked
object is on the highest score level and has the best 3D geometric consistency.

5.5 Experimental Results

We evaluate our 3D geometry-based ranking for the multi-view image dataset Stock-
holm Buildings2 which comprises 50 buildings of that city. The server holds 254
images of the 50 buildings. At least 2 views have been recorded for each building.
The client may use up to 100 additional test images of the 50 buildings. We ac-
quired server and test images at different viewpoints and at different times. The
images have been recorded by a Cannon IXUS50 digital camera at a resolution of
2592 × 1944 pixels.

In the following, we test our mobile 3D visual search in different scenarios and
compare with the other approaches of visual search. As mentioned above, our mobile
3D visual contains following elements: embedded representation of stereo features
at the client side which can generate encoded query features with given bandwidth
constraint, a database of hierarchically structured multi-view features from which
we can generate multi-view vocabulary trees for a given memory constraint. Addi-
tionally, a fast ranking algorithm which allows a 3D geometry-based matching and
ranking. We have implemented an Android app of mobile 3D visual search system
for recognizing the Stockholm buildings at [CLF15].

2http://people.kth.se/~haopeng/sthlmbuildings/
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5.5.1 Structuring of Multi-View Features for
Memory-Constrained Multi-View Vocabulary Trees

We use two approaches to construct vocabulary trees and compare their perfor-
mance. The first approach uses all available multi-view features of the data set
in an unstructured way. The second approach uses the top of the hierarchically
structured multi-view features. For a fair comparison, we use the same memory
constraint for the vocabulary trees. Both trees have the same number of tree levels
and branches.
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Figure 5.9: Comparison of the recall-datarate using hierarchically structured and
unstructured multi-view features.
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Figure 5.10: Comparison of the recall-datarate using different geometric verification
methods.

We set D = 5 for the number of tree levels and K = 8 for the branches.
The total memory usage of such vocabulary trees is about 70 MB. Note that the
original view by view feature database uses 5.3 GB, and the multi-view feature
database uses 400 MB. For the hierarchically structured multi-view features, the
top three levels have been used on average for the construction of the vocabulary
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tree. We use our iterative algorithm to obtain the recall-datarate trade-off. As
shown in Fig. 5.9, using the hierarchically structured multi-view features improves
the performance significantly. As expected, this approach selects the most reliable
features to construct the vocabulary tree as well as limits the number of outliers at
each leaf node.

5.5.2 Comparison of Different Geometric Verification Methods

We evaluate the performance of fast 3D geometric verification by comparing it to
other two RANSAC based methods, namely the epipolar-constrained 2D RANSAC
and the Helmert-constrained 3D RANSAC [LF13]. As shown in Fig. 5.10, we inves-
tigate the trade-off between recall and datarate for these methods. Note that we
use the same vocabulary tree for all methods. In general, the methods based on 3D
geometry information outperform the 2D RANSAC as the underlying 3D geometry
is more discriminative than the 2D geometry.

We also investigate the average execution time by using different geometric
verification methods on a MATLAB platform. To obtain the top five ranked images,
the fast 3D geometric verification method needs only 0.16 seconds to achieve an
average recall of 90%. The 2D RANSAC algorithm needs 3 seconds, and the 3D
RANSAC algorithm needs 13 seconds to achieve the same recall level.

5.5.3 Performance of Ranking

We evaluate the performance of ranking by comparing our method to a reference
method. The reference method uses the scoring function in (5.4.2) and the epipolar-
constrained 2D RANSAC for the geometric verification after vocabulary tree match-
ing. Note that we use the same multi-view vocabulary tree for both methods.

As shown in Fig. 5.11, the left most image is the query image from the client
side while the other five images in the same row are the ranking results. With the
improved scoring function, the proposed method can efficiently retrieve objects with
similar visual elements such as window patterns and eaves. On the other hand, the
fast 3D geometric verification improves the ranking by considering the underlying
3D geometry of the objects such as round corners, sharp edges, or planar surfaces.

5.6 Chapter Conclusions

In this Chapter, we discussed an end-to-end scheme of mobile 3D visual search by
using the 3D geometry information from multi-view imagery. Due to the mobile
setting, we define stereo features and a rate-constrained quad-tree representation.
This approach allows us sending the query features in an embedded way which is
efficient in data rate and recall rate trade-off. For the server database, we generate
a hierarchically structured multi-view feature sets which allow us the discriminate
the quality of feature descriptors and flexibly adding new features. With that, we
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(a) proposed ranking method, example 1

(c) proposed ranking method, example 2

(b) reference ranking method, example 1

(d) reference ranking method, example 2

Figure 5.11: Comparison of the ranking results using proposed and reference meth-
ods.

construct multi-view vocabulary trees for robust image retrieval. Due to the 3D ge-
ometric information has been encoded in the query features and associated with the
multi-view vocabulary tree, we developed an iterative algorithm for 3D geometry-
based matching and ranking. The experimental results show that our scheme of
mobile 3D visual search improves the recall-datarate performance significantly for
mobile visual search. Future research may incorporate more compact feature de-
scriptors, such as CHoG [CTC+12].



Chapter 6

Conclusion

“We hear only those questions for which
we are in a position to find answers.”

— Friedrich Nietzsche, German philosopher

This dissertation presented various techniques for feature-based image pro-
cessing, in particular, for the rendering, the compression, and the visual
search. Two complete visual communication systems, namely free-view content-

adaptive rendering and coding system and mobile 3D visual search system, have
been investigated deeply. In the following, our achievements are summarized and
discussed. Finally, we discuss several perspectives for future work.

6.1 Summary and Discussion of the Dissertation

In this section, the outcomes of two visual communication systems are summarized
from the perspective of methodology, innovation, and comparison.

6.1.1 Free-View Content-Adaptive Rendering and Coding

A free-view content-adaptive rendering and coding system, yielding high quality
virtual view rendering while permitting high video coding efficiency, has been pre-
sented in this dissertation. From the perspective of strategy, it addresses the ren-
dering and coding problems by using the methodology as follows:

• We define virtual view rendering quality and source coding distortion as the
target, and address them respectively. Then, we build the signal model by
defining the variables to measure the target performance. The measurement
of rendering quality is with respect to the selection of geometric model and
hypothesis. The measurement of coding distortion is with respect to the con-
straint on the coding rate. For both parts, we use the cost function to mathe-
matically describe the relationship between the target and measured variables.

113
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• The convexity of both cost functions has been proved mathematically and
the lower bound has been derived. For the rendering problem, we develop an
algorithm to obtain the optimal solution of the variables numerically following
an iterative fashion. For the coding problem, we use Lagrangian relaxation
and Pareto condition to obtain the solution analytically.

With the proposed system, we make breakthroughs in the area of multi-view
rendering and coding. Several new ideas have been inspired:

• Content-adaptive rendering can efficiently handle occlusion and lighting prob-
lems in large baseline scenarios. The content items from multiple views can
be efficiently extracted by using multi-view image features.

• The piecewise geometric models can well characterize the structure of back-
ground content items. The elliptical cylinder model can approximate the fore-
ground player items. Using the multi-view image features can determine the
model parameters accurately at low computational complexity.

• The motion compensation in content-adaptive video coding can be imple-
mented efficiently by using multi-view image features at low computational
complexity. The content-adaptive coding achieves high coding efficiency by
optimally allocate bitrate among content items. The sub-sequences of content
item also provide flexible stream switch for the end-user.

• By using the orthonormal transform, the optimal bit allocation of temporal
subband coding is achieved at the same quantization step size. This guarantees
the high coding efficiency of background video coding.

The content-adaptive rendering and coding system achieves several advantages
comparing to conventional texture plus depth image coding and rendering scheme:

• Free viewpoint rendering: The geometric models guarantee the multi-view
consistency such that the texture of virtual view appears more smooth and
continues. The content-adaptive rendering can improve on average by 1.6
dB comparing to that of the depth image based rendering in large baseline
scenario.

• Video coding efficiency: The coding gain of content-adaptive compare to that
of the current video codec is significant. For the same quality level, the tem-
poral subband coding of the background video saves up to 50% bitrate com-
paring to current video codec HEVC, the content-adaptive video coding of
the overall video saves up to 78% bitrate comparing to that of HEVC.

• Random access: The content-adaptive coding resolves the problem of high
complexity in the coding structure of Multi-view Video Coding (MVC). The
fast random access can be guaranteed by the content-adaptive coding due to
the simulcast coding of each camera view. Moreover, each content item in
each camera view can be accessed freely.
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One flaw of the proposed temporal subband coding is the problem of coding delay
which is naturally introduced by transform coding. The reason is that it needs to
collect a large number of frames for efficiently encoding, which builds up a trade-
off between coding efficiency and coding delay of transform coding. This problem
is similar as the GOP size problem in predictive coding, where there is always a
trade-off between coding efficiency and coding delay.

6.1.2 Mobile 3D Visual Search
An end-to-end mobile 3D visual search system, real-time searching combines ge-
ometric information as well as texture information, has been presented in this
dissertation. From the perspective of strategy, it addresses the rate-constrained
identification problem by using the methodology as follows:

• Based on the solid theoretical framework discussed in Sec. 2.4.4, we implement
a rate-constrained identification system in real and solve the mobile visual
search problem practically.

• We formulate the identification as a constrained optimization problem with
respect to geometric information and texture information. Based on it, we
develop an iterative algorithm to combine the geometric and texture matching
together.

With the proposed system, we make breakthroughs in the area of mobile visual
search, several new ideas have been inspired:

• The new phase of mobile 3D visual search is achieved by using the multi-view
features. The multi-view features is employed for both client and server sides.
The multi-view features improve the quality of features for robust matching,
especially for large-scale objects such as city landscape and buildings. On the
other hand, the multi-view features encode the geometry information in the
query information. Thus, a geometry-based matching can be accomplished.

• In the framework of rate-constrained identification, we study the “query-
database similarity”and “database-database similarity”. By improve the sim-
ilarity performance at client and server jointly, the overall identification is
improved.

• The “query-database similarity” indicates that a reliable matching at lower
data rate can be achieved by increasing the similarity between query and its
correspondence at the database. To increase the similarity, the query features
are taken from two views. The two-view approach allows us to achieve the
same identification at a lower data rate than the single view approach.

• The “database-database similarity” indicates that the data rate of query in-
formation can be saved by decreasing the similarity among the objects in



116 Conclusion

database. To decrease the similarity in database, we use geometric informa-
tion to distinguish the objects from each other and multi-view hierarchical
structured database to discriminate the quality of features.

The mobile 3D visual search system achieves several advantages comparing to
conventional mobile 2D visual search system:

• Geometry-based searching: The mobile 3D visual search utilizes the underlying
3D geometry information as well as 2D texture information for visual search.
The 3D geometry information is obtained by reliable and sparse multi-view
image features. It can resolve the “picture of picture” problem as it exploits
the 3D geometry, while it is ambiguous for 2D visual search system.

• Vocabulary tree coded database: The mobile 3D visual search embeds double
hierarchy in the multi-view data structure. The memory-constrained multi-
view vocabulary trees compress the original image-feature database from 5.3
GB into 70 MB.

• Datarate-identification improvement: At the same datarate, the mobile 3D
visual search achieves significantly higher identification rate than 2D visual
search. In average, it achieves fast retrieval in less than 0.2 seconds for higher
than 90% of identification rate.

6.2 Perspectives

As reading Plato’s quote “Let no-one ignorant of geometry enter”1, the study of
visual communication should also well understand the prime of geometry. Using the
sparse image features is a way to improve the rendering, compression, and visual
search in visual communication.

This dissertation focuses on using the image features in visual communication.
To extent the idea of using geometric information and further improve the efficiency
of visual communication, several theoretical and practical directions are well worth
investing in.

• Rate-rendering distortion model: As we addressed in Sec. 2.1.4, the measure-
ment of rendering distortion is a hard question since it needs to evaluate the
quality of the rendering at an arbitrary viewpoint. Current work can only use
a limited number of reference viewpoints to address this problem. If we can
obtain the distortion of an arbitrary viewpoint, we are able to build a rela-
tionship between coding rate and rendering distortion, which will essentially
address the problem of multi-view video coding.

1Plato(428/427 or 424/423-348/347 BC), a philosopher and mathematician in Classical
Greece. This quote was inscribed over the entrance to the Plato’s Academy.
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• Theoretical rate-identification model: In this dissertation, we focus on the
practical aspect of rate-identification model in mobile visual search by de-
veloping the coding scheme of query and database, and study the similarity
among query and database. From the insight of this dissertation, the high
efficiency of rate-identification can be achieved if the items at the database
are independent and identically distributed (i.i.d.), while the query item is
highly correlated to the its correspondence item in the database. Intuitively,
we can study and extend the relationship among distortions as shown in
Fig. 2.13 to construct a theoretical rate-identification model. This will ex-
tend the model build in [OIW13] [OIW14] [IW14] to the rate-distortion of
the query information. Thus, a complete theoretical rate-identification model
can be constructed that considers a compressed query identification over the
compressed database.





Acronyms

AI Artificial Intelligence
ANN Approximate Nearest Neighbours
BoW Bag of Words
CCD Charge-Coupled Device
CHoG Compressed Histogram of Gradients
CNN Convolutional Neural Network
DCT Discrete Cosine Transform
DERS Depth Estimation Reference Software
DFT Discrete Fourier Transform
DIBR Depth Image Based Rendering
DLT Direct Linear Transform
DoG Different-of-Gaussian
DPCM Differential Pulse-Code Modulation
EBCOT Embedded Block Coding with Optimal Truncation
EXIF Exchangeable image file format
GOP Group of Picture
HDR High Dynamic Range
HDTV High Definition Television
HEVC High Efficiency Video Coding
ICT Information and Communication Technology
IoT Internet of Things
ITU International Telecommunication Union
ITU-T ITU Telecommunication Standardization Sector
JVT Joint Video Team
KLT Karhunen-Loève-Transform
M3DVS Mobile 3D Visual Search
MCOT Motion-Compensated Orthogonal Transforms
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MCTF Motion-Compensated Temporal Filtering
MPEG Moving Picture Experts Group
MSE Mean-Square-Error
MVC Multi-View Video Coding
MVS Mobile Visual Search
PSNR Peak Signal to Noise Ratio
QP Quantization Parameter
RA Random Access
RANSAC Random Sample Consensus
SIFT Scale Invariant Feature Transform
SfM Structure from Motion
SfS Shape from Shading
SLAM Simultaneous Localization and Mapping
SPIHT Set Partitioning in Hierarchical Trees
SURF Speeded Up Robust Features
SVD Singular Value Decomposition
TF-IDF Term Frequency-Inverse Document Frequency
VT Vocabulary Tree
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