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Object modeling and recognition are key areas of research ¢gomputer vision
and graphics with wide range of applications. Though resedr in these areas
is not new, traditionally most of it has focused on analyzingproblems under
controlled environments. The challenges posed by real liégplications demand
for more general and robust solutions. The wide variety of gécts with large
intra-class variability makes the task very challenging. e di culty in modeling
and matching objects also vary depending on the input modali In addition, the
easy availability of sensors and storage have resulted iretnendous increase in
the amount of data that needs to be processed which requiresient algorithms
suitable for large-size databases. In this dissertation,ewaddress some of the
challenges involved in modeling and matching of objects iralistic scenarios.
Object matching in images require accounting for large vaability in the ap-
pearance due to changes in illumination and view point. Anyeal world object is
characterized by its underlying shape and albedo, which uké the image inten-
sity are insensitive to changes in illumination conditionsWe propose a stochastic
Itering framework for estimating object albedo from a sinde intensity image by
formulating the albedo estimation as an image estimation pblem. We also show
how this albedo estimate can be used for illumination inseitige object matching
and for more accurate shape recovery from a single image gsstandard shape

from shading formulation. We start with the simpler problemwhere the pose of



the object is known and only the illumination varies. We thenextend the pro-
posed approach to handle unknown pose in addition to illumation variations.
We also use the estimated albedo maps for another importanpglication, which
is recognizing faces across age progression.

Many approaches which address the problem of modeling anadtognizing ob-
jects from images assume that the underlying objects are afused texture. But
most real world objects exhibit a combination of di used andspecular properties.
We propose an approach for separating the di used and speaulre ectance from
a given color image so that the algorithms proposed for objsoof di used texture
become applicable to a much wider range of real world objects

Representing and matching the 2D and 3D geometry of objects also an
integral part of object matching with applications in gestwe recognition, activ-
ity classi cation, trademark and logo recognition, etc. Tke challenge in matching
2D/3D shapes lies in accounting for the di erent rigid and na-rigid deformations,
large intra-class variability, noise and outliers. In addion, since shapes are usu-
ally represented as a collection of landmark points, the sha matching algorithm
also has to deal with the challenges of missing or unknown ocespondence across
these data points. We propose an e cient shape indexing appach where the
di erent feature vectors representing the shape are mapped a hash table. For
a query shape, we show how the similar shapes in the databas@ be e ciently
retrieved without the need for establishing correspondeaanaking the algorithm
extremely fast and scalable. We also propose an approach foatching and reg-
istration of 3D point cloud data across unknown or missing ceespondence using
an implicit surface representation. Finally, we discuss pgible future directions

of this research.
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Chapter 1

Introduction

Object modeling and recognition are key areas of research égomputer vision
and graphics with wide range of applications in many di eren elds (Figure 1.1).
Automatic matching of di erent biometrics like face, iris, ngerprints is an integral
part of security and surveillance for automatic border comol, airport security, etc.
Object matching is also useful for consumer applicationké shopping using visual
search engines which allows users to use input pictures tcasgh, retrieve and
compare all similar products. In the medical eld, matchingof di erent medical
shapes is useful for research, diagnosis and treatment byalysis of similar cases

present in the database.

693489

[

]

)

Figure 1.1: A few applications of object modeling and recogition. (a) SmartGate
installation at Sydney International Airport for automati ¢ border control which uses
automatic face recognition; (b) Shopping by visual search @ like.com; (c) SPIRS-IRMA
system from NIH for retrieving similar medical images for diagnosis and treatment.

Though research in these areas is not new, traditionally miosf it has focused
on analyzing problems under controlled environments. Thehallenges posed by
the real life applications demand for more general and robiusolutions. The wide

variety of objects with large intra-class variability makes the task very challenging.
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Chapter 1. Introduction

The di culty in modeling and matching objects also varies d@ending on the input
modality. In addition, the easy availability of sensors andstorage have resulted
in tremendous increase in the amount of data that needs to beqressed which
requires e cient algorithms suitable for large-size datahses. In this dissertation,
we address some of the challenges involved in modeling andtchang of objects

in realistic scenarios.

1.1 Object matching in images

Object matching in images require accounting for large vability in the appear-

ance due to changes in illumination and view point. Figure 2.shows how dras-
tically the facial appearance changes due to changes in liglource direction and
head pose or camera location. The sources of appearanceatan also depends
on the speci c application. For example, for the applicatia of face recognition,
the appearance of the face also changes due to di erent exps®ns, aging, facial

makeup, etc.

Figure 1.2: lllustration showing changes in facial appearace due to variations in illu-
mination conditions and view-point.

Any real world object is characterized by its underlying shae and albedo.
These are the intrinsic characteristics of the object and Uike the image intensity,
they are insensitive to changes in illumination conditiongand view-point. The
rst part of the dissertation deals with robustly recovering the albedo and the
shape of an object from a single input image. We propose a dtastic ltering
framework for estimating object albedo from an intensity irage by formulating the

albedo estimation as an image estimation problem. We alsoast how this albedo

2



1.1 Object matching in images

estimate can be used for illumination insensitive object ntehing and for more
accurate shape recovery from a single image using standafttge from shading
(SFS) formulation. We start with the simpler case where the @se of the object is
known and only the illumination varies. We then extend the ppposed approach to
handle unknown pose in addition to illumination variations We also show how the
albedo estimate can be used for applications other than méiag across di erent

illuminations. Speci cally we show its usefulness for therpblem of matching face
images across di erent ages, which has very important appétions like nding of

missing persons, automatic renewal of passport, visa, etc.

Lambertian re ectance for the imaged scenes/objects has & commonly as-
sumed in a variety of computer vision algorithms, such as spa reconstruction,
image matching, motion detection, as well as photometric @multi-view stereo.
However, most real world surfaces exhibit a combination ofi dse and specu-
lar components making this assumption very restrictive in gactice (Figure 1.3).
Automatic separation of these components would enable treeslgorithms to be

readily applied to a much wider class of non-Lambertian obgés.

Figure 1.3: lllustration showing the importance of accouning for specularity for object
matching.

The second part of the dissertation addresses the problem sgecularity re-
moval of complex textured surfaces from a single color imageirst, we propose a
Hough transform-based approach for automatic estimationf source color from a
single color image. We further analyze the errors in sourcelor estimation to per-
form robust separation of the di used and specular re ectin components. Both

algorithms are completely automatic and do not need expliccolor segmentation

3



Chapter 1. Introduction

or color boundary detection as required by many existing miedds.

1.2 Object matching from shapes

Representing and matching the 2D or 3D geometry of objects &so an integral
part of object matching. Character recognition, trademarkogo retrieval, activity

recognition, object recognition and human pose estimatioare a few of the chal-
lenging applications that can bene t from accurate and e cient shape matching
techniques (Figure 1.4).
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Figure 1.4: A few applications that can bene t from robust and e cient shape matching.
(a) Matching and retrieval of shapes, like digit recognition, trademark retrieval, leaf
recognition; (b) Activity Classi cation; (c) Gesture reco gnition; (d) Pose estimation.

Di erent applications require di erent representations and hence di erent match-
ing algorithms to handle large variations in shapes. The change in matching
2D/3D shapes lies in accounting for the di erent rigid and na-rigid deformations
along with large intra-class variability in addition to noise and outliers. Also
since shapes are usually represented as a collection of laadk points, the shape
matching algorithm also has to deal with the challenges of s8ing or unknown
correspondence across these data points. In addition, withe recent advance-

ment in technology and the availability of di erent kinds of sensors, the amount
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1.3 Organization of the Thesis

of data to be handled has increased tremendously over thetldsw decades. So
even though research in the area of shape matching has matlréhe challenges
involved in achieving high performance in terms of both accacy and computa-
tional complexity continues to interest researchers.

The third part of the dissertation deals with e cient representation and match-
ing of 2D and 3D shapes. First, we propose an e cient shape ieding approach
where the di erent feature vectors representing the shapee@ mapped to a hash
table. For a query shape, we show how the similar shapes in tdatabase can
be retrieved e ciently without the the need for correspondace establishment
making the algorithm extremely fast and scalable. We also ppose an approach
for matching and registration of 3D point cloud data acrossnknown or missing

correspondence using an implicit surface representation.

1.3 Organization of the Thesis

The dissertation is organized as follows: Chapter 2 brie yuwnmarizes previous
work related to this dissertation. Chapter 3 describes therpposed approach for
estimating the albedo from a single intensity input image ahits applications in
illumination invariant object matching, shape recovery, elighting, etc. Chapter 4
extends the approach developed in the previous chapter fone general case of
unknown head pose. Chapter 5 provides a study of an importampplication,
namely face recognition across aging and shows how the estied albedo maps
can be used to match face images across age progression. @napdescribes our
approach for estimating the illumination color from a givennput image and sep-
arating the di used and specular re ection components. Chgter 7 describes our
approach for e cient representation and matching of shapesChapter 8 describes

the future directions of this dissertation.



Chapter 2

Related Work

This chapter brie y reviews previous e orts related to thisdissertation. The rst
part of the dissertation deals with estimating the albedo ash surface normals from
an image. Section 2.1 discusses the previous works on redagethe surface nor-
mals and albedo of an object from an intensity image. Relateslork for handling
pose and misalignment issues is discussed in Section 2.2cS&iour approach uses
image estimation formulation, we also discuss related warkn image estimation
literature in Section 2.3. The second part of the dissertain deals with illumi-
nation color estimation and specularity removal from an inpt colored image and
related work for this part is described in Section 2.4. The al part of the disser-
tation deals with e cient 2D/3D shape matching. Section 2.5discusses related

work on e cient representation and matching of shapes.

2.1 Related Work on Recovering Albedo and Shape

Recovery of surface normals and albedo of an object has beémded in the
computer vision community for a long time. The approaches ithe literature can

broadly be classi ed into SFS-based approachesd Model-based approaches

2.1.1 SFS-based Approach

SFS research [48] [140] aims at recovering the 3D shape of hjeot from a given
image. Estimating the surface normals, albedo and illumimé& direction given a
single intensity image is inherently ill-posed. In order tanake the problem more

tractable, SFS approaches often make simplifying assumgtis like constant or
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2.1 Related Work on Recovering Albedo and Shape

piecewise constant albedo and known illuminant directiorof recovering the shape.
But such assumptions often limit the applicability of the agroaches for real world
objects. Over the years, considerable advances have beerdenfi43] [11] [29] [116]
for dealing with objects with varying albedo. Much of the resarch has been
directed towards the use of domain speci ¢ constraints to deice the intractability
of the problem for the analysis and estimation of general addo maps. Often the
use of such constraints bridges the gap between pure SFS ammhes and the
statistical model-based approaches leaving no clear deroation between the two
categories.

Zhao and Chellappa [143] propose an SFS approach to recoveape and
albedo for the class of bilaterally symmetric Lambertian glects with a piecewise
constant albedo eld. Their approach combines the self-rad image irradiance
equation with the standard image irradiance equation to seé for the unknown
derivatives of depth map. Aticket al. [11] reduce the SFS problem to that of para-
meter estimation in a low-dimensional space using Princip@omponent Analysis
(PCA) over several hundred laser-scanned 3D heads. Dovgatdal. [29] combine
the symmetric SFS formulation [143] with the statistical aproach to facial shape
reconstruction [11] to recover the 3D facial shape from a gile image. Smith and
Hancock [116] embed a statistical model of facial shape in &S formulation.
Albedo estimation follows shape estimation to account fohe di erences between

predicted and observed image brightness.

2.1.2 Model-Based Approach

Blanz and Vetter [20] propose a 3D morphable model based appch to recognize
faces across pose and illumination variations. They repesg each face as a linear
combination of 3D basis exemplars. Recovery of shape and edlo parameters
is formulated as an optimization problem that aims to minimze the di erence
between the input and the reconstructed image. Romdhaset al. [103] provide an

e cient and robust algorithm for tting a 3D morphable model using shape and
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Chapter 2. Related Work

texture error functions. Their algorithm uses linear equabns to recover the shape
and texture parameters irrespective of pose and lighting nditions of the face
image. Zhang and Samaras [139] combine spherical harmorilicgnination repre-
sentation [17] [99] with 3D morphable models [20] to recovperson-speci ¢ basis
images. Feature-point based shape recovery is followed byiterative estimation
of albedo and illumination coe cients. Samaras and Metaxa$106] incorporate
non-linear holonomic constraints in a deformable model tosemate shape and
illuminant direction. Under the assumption of constant alledo, the light source
direction and shape are estimated in an iterative manner byxing one unknown
and estimating the other until there is no more change in thdluminant estimate.
Zhou et al. [145] impose a rank constraint on shape and albedo for the éaclass
to separate the two from illumination using a factorizationapproach. Integrabil-
ity and face symmetry constraints are employed to fully res@r the class-specic
albedos and surface normals. Lee and Moghaddam [71] prop@sscheme for
albedo estimation and relighting of human faces using a geite3D face shape.
First the average shape is used to determine the dominant igsource direction
which is then used to obtain an estimate of surface albedo foambertian objects.
The problem of albedo estimation has also been addressed ightness algorithms
that recover an approximation to surface re ectance in indeendent wavelength

channels [51].

2.2 Related Work on Handling Pose and Misalignment

One of the applications of albedo estimation across pose ibj&ct recognition
across pose variations. Since most of the research on albedtmation has taken
place in the context of faces as objects, here we brie y ded# some of the related
work on face recognition across misalignment and pose. &nito the work on
3D morphable model [20], Liu and Chen [76] propose a geometepproach in

which they approximate a human head with a simpler 3D ellipsd model and
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recognition is performed by comparing texture maps obtaikeby projecting the
training and test images to the surface of the ellipsoid. Yuet al. [138] extend the
spherical harmonics representation to encode pose infortfioa. Using the linear
transformations that relate the 2D harmonic basis images ati erent poses, they
project a non-frontal view test image onto the space of froat view harmonic basis
images to perform recognition across pose. For face recaoigm across pose, local
patches are considered more robust than the whole face, arevaral patch-based
approaches have been proposed [55] [9] [73]. Kanade and Ydmfb5] proposed
a face recognition system based on a probabilistic model afvir the appearance
of local subregions of a face changes with pose. Chenal. [9] proposed an
extension of this approach where in addition to modeling howa face patch varies
in appearance, they also model how it deforms spatially witliew-point change.
Gao et al. [73] suggested measuring the similarity of patches betweenerent
poses by correlations in a media subspace, constructed byr@aical Correlation
Analysis. Princeet al. [98] recently proposed a generative model for generating
the observation space from the identity space using an a ne apping and pose
information. Face recognition is performed with probabistic distance modeling.
Castillo and Jacobs [25] used the cost of stereo matching 4D face recognition
across pose without performing 3-D reconstruction. Zhao drGao [142] propose
a new textural Hausdor Distance which is a compound measungent integrating
both spatial and textural features for performing pose and is-alignment robust
face recognition. In addition to these approaches, head @osstimation by itself

is a separate research area [87].

2.3 Related Work on Image Estimation Methods

In our proposed approach, albedo estimation is formulatedsaan image estima-
tion problem. Image estimation being a very mature area in # eld of image

processing [7], we provide pointers only to a few related pays. The standard
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Chapter 2. Related Work

Wiener lter is known to be optimal for second order stationay processes [7]. In a
stationary model, the statistical properties of the image @ globally characterized
which makes the stationary Wiener estimation algorithm bluthe abrupt changes
in the input image. Several modi cations to the standard stdonary image model
have since been proposed. Humt al. [50] [129] proposed a non-stationary mean
Gaussian image model in which an image is modeled as statipnauctuations
about a non-stationary ensemble mean. Lebedev and Mirkin7qpsuggested a
composite image model that assumes that an image is composédnany di er-
ent stationary components, each having a distinct stationg correlation structure.
Anderson and Netravali [6] used a subjective error critenobased on human vi-
sual system models. The derived non-recursive Iter makesteade-o between
the loss of resolution and noise smoothing such that the samaenount of sub-
jective noise is suppressed throughout the image. Abramatand Silverman [2]
generalized this procedure and related it to the classical her Iter. Naderi and
Sawchuk [88] derived a non-stationary discrete Wiener ltefor a signal-dependent
Im-grain noise model which can adapt itself to the local sigal statistics given
the conditional noise statistics. Kuanet al. [58] proposed a non-stationary mean,
non-stationary variance image model. A local linear minimm mean square error
Iter for images degraded by blur and a class of signal-depéent, uncorrelated

noise is derived based on the proposed image model.

2.4 Related Work on Specularity Removal

This section describes the related work on illumination cot estimation and sepa-
ration of re ectance components. The dichromatic re ectio model was proposed
by Shafer [111] who suggested a method for separating re iect components from
a single image by tting a parallelogram to the pixel valuesn the RGB color space.
Klinker et al. [57] showed that for a uniform colored surface, the combinegectral

cluster of matte and highlight points form a skewed T-shapenithe color space.
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However, the presence of noise in real images makes the eoticn of T-shape

very challenging. Bajscy [12] assumed knowledge of illuraion color to obtain

improved results through color space transformation. Taet al. [124] also used
the illumination color information to reduce the problem ofre ection component

separation to that of identifying di use maximum chromatidaty. All of these meth-

ods are basically designed for uniformly colored surfacesdathus require explicit

color segmentation of the scene to deal with multi-coloredidaces.

Several methods have been proposed thereafter to deal withnaplex textured
surfaces without requiring explicit color segmentation. dn and lkeuchi [121] pro-
posed a specular-to-di use mechanism to iteratively redecspecularity of each
pixel by comparing intensity logarithmic di erentiation of the normalized input
image to the specular-freeimage. Tanet al. [118] used an in-painting technique
for highlight removal from a single image with user-specia highlight regions by
minimizing an energy function. Maliket al. [78] utilized the partial separation of
the re ection components provided by the SUV color space tresformation [79].
The method involves solving a partial di erential equationthat iteratively erodes
the specular component at each pixel. To avoid some of the litations faced by
local interaction methods, Tan and Ikeuchi [120] proposed global non-iterative
method by relating the specular pixels to diuse pixels of tb same color using
the coe cients of re ectance linear basis functions. In anther recent approach,
Tan et al. [119] utilized additional information from outside the hidplight region
to determine the di use surface colors within the highlight Most re ection com-
ponent separation methods assume that the illumination soce color is knowna

priori or can be estimated accurately.

lllumination color estimation has been extensively studawith regard to the
problem of color constancy [14] [15] [69] [35] [36]. Here wewde pointers to
some of the methods that deal with complex textured surfacesan et al. [123]
used highlight regions to estimate the illumination color ¥ relating it to image

chromaticity in the inverse-intensity chromaticity space The approach relies on
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the presence of pixels with the same di use component for gace colors in the
image. Toro and Funt [127] assumed a known list of candidatéumination colors
and propose a multi-linear constraint to evaluate how well eandidate illumination

color accounts for the observed colors in the input image.

2.5 Related Work on Shape Matching

The problem of shape matching has been around for quite sonme¢, probably
due to its universality. Though signi cant advancements hee been made, the
requirement for computational e ciency and accuracy contiues to interest re-
searchers. In this section, we discuss some of the previousts that are related

to representation and matching of 2D and 3D shapes proposetthe dissertation.

2.5.1 Representation and Matching of shapes

Shape context [18] based matching has been the theme of salvezcent works [86]
[131] [125] [84] on shape matching. In the original versiohd], each point is char-
acterized by the spatial distribution of the other points réative to it. Similarity
computation involves establishing correspondences usibgartite graph match-
ing and thin plate spline (TPS) based alignment. The shape otext framework
has since been extended in various ways to suit di erent regqaments of the shape
matching problem. Mori and Malik [86] proposed using staties of the tangent
vectors along with the point counts to perform object recogtion in clutter. A g-
ural continuity constraint is incorporated in the feature @rrespondence estimation
to yield reliable correspondences in cluttered scenes [L2bhe constraint ensures
that two points which are close on the model shape are closetime image. Tu
and Yuille [131] incorporated softassign [26] in a shape ¢exrt framework [131] for
shape matching. One of its recent extensions by Ling and Jdxso[74] accounts for
movement of part structures, by replacing the Euclidean diance in the classical

version with inner distance, which is robust to articulatims. In addition, the ap-
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proach involves a dynamic programming (DP) based matchinglgorithm which

helps it to outperform most previous methods. McNeill and Vayakumar [82]
proposed the hierarchical Procrustes matching algorithm kich generalizes the
idea of nding a point-to-point correspondence between twshapes to that of
nding a segment-to-segment correspondence. In anothercent work, Felzen-
szwalb and Schwartz [34] used a new hierarchical represdiaa called shape tree
for two-dimensional objects that captures shape informain at multiple levels of
resolution. Here a curve is described using a recursive sélen of midpoints and

DP is used to perform matching of two shapes.

There is another body of work for capturing part structuresn which shapes
are represented using shock graphs [112] [114]. The shockpdrrepresentation
of a shape is based on the singularities of curve evolutiongmess acting on the
bounding contours. The shock graph grammar helps to reduche shock graph
representation to a unigue rooted shock tree which is then nthed using a tree
matching algorithm. Sebastianet al. [109] proposed a shock graph-based method
to handle shape deformations. They nd the optimal deformabn path of shock

graphs that brings the two graphs (shapes) into correspondee.

2.5.2 E cient matching and Indexing

Fast nearest neighbor searches in Euclidean space for ndirclosest points in
metric spaces has arich history [28]. Due to the tremendouxiease in the amount
of data that needs to be handled, indexing techniques are lmeaing increasingly
popular for the development of fast retrieval algorithms fodocuments, images,
etc. The indexing approach used in the dissertation is inggid by the work on
ngerprint indexing using minutiae triangles as features42]. Unlike the classical
geometrical hashing technique [62], the triangle-based @pach hashes a set of
points based on local invariants (depends only on three mihae, though need
not be local spatially), which is more robust and leads to féer retrieval. For fast

matching and retrieval of images, a vocabulary tree-basedpresentation has been
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recently proposed by Nister and Stewenius [89]. Similar tdeir approach, our

indexing system relies on invariant and robust shape repe#ation, to make the

retrieval process extremely fast. In [85], Moret al. proposed solutions to improve
the computational e ciency of shape contexts-based apprahes. They show how
pruning and vector quantization techniques can be utilizetb make shape context
useful for large databases.

Another approach for fast shape matching is to reduce the sba matching
problem to the comparison of probability distributions, whch does not require
pose registration, feature correspondence, or model ttgn Osadaet al. [93] use
shape distributions sampled from a shape function and measd global geometric
properties of an object for fast matching of 3D models. Theyxperimented with
di erent shape functions like distance between two randomusface points, angle
between three random points, etc. Ohbuchet al. [91] used joint 2D histogram
of distance and orientation of pairs of points for improved @rformance. Hamza
and Krim [46] used geodesic shape distribution that measwréhe global geodesic
distance between two arbitrary points on the surface to be ébto better capture
the (nonlinear) intrinsic geometric structure of the data. The idea of describing
3D models using distance between pairs of points and/or thenutual orientations
has also appeared in [53] [77].
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Chapter 3

Robust Estimation of Albedo for lllumination

Insensitive Matching and Shape Recovery

A real world object is characterized by its underlying shapand surface properties.
These characteristics de ne the way the object is perceivedtrespective of the
view or illumination. Unlike image intensity, these charateristics of an object
are invariant to changes in illumination conditions which nakes them useful for
illumination-invariant matching of objects. Realistic image-based rendering (IBR)
is another application where accurate estimates of shapedaalbedo (texture) play
a very important role. Thus estimating the shape and albedof@n object from an
intensity image has been a very important area of research @omputer vision and
graphics. Though research on this topic has been underway faver two decades,
the di culty in obtaining accurate estimates and the wide range of applications
continue to interest researchers.

3.1 Introduction

Albedo is the fraction of light that a surface point re ects when it is illuminated.

It is an intrinsic property that depends on the material progerties of the surface.
In existing literature, albedo estimation has often been cpled with shape esti-
mation. Given an input image, most methods follow the two-&tp approach of rst

recovering the shape of the object and then estimating the gace albedo [139]. A
few others simultaneously estimate the shape and albedo af abject [20] [103].
There are also albedo estimation methods whose main goal ige estimation

and albedo is nally incorporated to account for the image reonstruction errors
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using the estimated shape [116]. Thus, in most approache#hedo recovery de-
pends on the accuracy of the estimated shape and illuminaticonditions. Errors

in shape and illumination estimates lead to errors in albedoHere we show how
statistical characterization of the errors in estimates ohormal and light source
directions can be utilized to obtain robust albedo estimate

The problem of albedo estimation is formulated as an imagetigsation prob-
lem. Given an initial albedo map (obtained using available @main-dependent
average shape information), we obtain a robust albedo estte by modeling the
true unknown albedo as a non-stationary mean and non-statiary variance eld.
Unlike a stationary model, this model can account for the akido variations present
in most real objects. The initial albedo map can be expressed a sum of the true
unknown albedo and a signal-dependent non-stationary neisThe noise term in-
corporates the errors in surface normal and illumination fioermation. Posing this
as an image estimation problem, the albedo is estimated asetlhinear Minimum
Mean Square Error (LMMSE) estimate of the true albedo.

The theoretical formulation is extended to deal with imagedlluminated by
multiple unknown light sources. We propose an algorithm foestimating the
illumination conditions in such scenarios. The algorithms based on an approxi-
mation to the linear subspace property of Lambertian surfas [17] [99]. The es-
timated illumination information is used along with a doman-dependent average
shape to obtain an initial albedo map. Similar to the singleairce framework,
a robust albedo estimate is obtained by formulating it as anmage estimation
problem.

Like albedo, shape is another intrinsic property of an objéevhich is invariant
to changes in pose and illumination conditions. The importace of estimating the
shape of an object has probably been the guiding force behitiek vast amount of
work that has been done to recover shape (shape-from-X) framages or videos.
An example in this category is the work done on the problem ofhape from
shading [48] [140]. The goal of SFS research is to recover 8ieshape of an object
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from a single image. Dealing with an inherently ill-posed pblem, SFS approaches
typically make simplifying assumptions like constant or ce-wise constant albedo
and/or known single distant light source. Such assumptiorthiough useful to make

the problem more tractable, often limit the applicability of the approaches for real
world objects.

We focus on the general SFS problem of estimating the shapedaaibedo of an
object with varying albedo map and unknown illuminant diretion from a single
image. To this end, we propose an algorithm that transformshe general SFS
problem to one of estimating the shape of an object with unitlbedo and known

illuminant direction that can be addressed using a standar@FS approach.

3.1.1 Organization of the Chapter

The chapter is organized as follows. The proposed albedoiggttion framework
is detailed in Section 3.2. This section describes in detdlle image estimation
framework and the derivation of the required variances. Sion 3.3 details the
steps involved in shape recovery using the estimated albed&xperimental re-
sults are presented in Section 3.4. Section 3.5 concludeg tthapter with a brief

summary.

3.2 Albedo Estimation

For Lambertian objects, the di used component of the surfae re ection is mod-
eled using theLambert's Cosine Lawgiven by

= max(n's;0) (3.1)

where | is the pixel intensity, s is the light source direction, is the surface
albedo andn is the surface normal of the corresponding surface point. €h

expression implicitly assumes a single dominant light soce placed at in nity. It
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is worthwhile to note that the Lambert's law in its pure form is non-linear due to
the max function which accounts for the formation of attacheé shadows. Shadow
points do not reveal any information about their re ectivity and thus their albedo

cannot be estimated from the image.
©)
1)
direction. The initial surface normal can be the domain depelent average value

Let n’ and s© be the initial values of the surface normal and illuminant
or any estimate available or obtained from any other methodThe Lambertian
assumption imposes the following constraint on the initiahlbedo © obtained

Vs nﬁ?: S0 &2
where is the standard dot product operator. We suppress the expitcmax
operator by considering only the pixels with positive intesity values. Clearly,
more accurate the denominator @ s©) is, the closer is the obtained initial
albedo to its true value . For most applications, accurate initial estimates of
normals and light source direction are not available leadinto erroneous ©@.

Figure 3.1 illustrates the nature of errors in the obtained laedo © for a
synthetically generated face image using a frontal light soce i.e. s =[0;0; 1].
True surface normal information is used for estimating thelledo in this example.
One may expect the errors to be larger if inaccurate estimaeor average value
of surface normals are used. The light source direction istiesated using the
method in [22] and the resultings© is [(:1499 0:0577 0:9870]. Interestingly,
not only is @ quite far from the true value for quite a few points, but even lte
error varies appreciably across pixels. The proposed esétion framework duly

accounts for these variations to obtain a robust albedo esiate.

3.2.1 Image Estimation Framework

Here we present the image estimation framework to obtain alvast albedo esti-

mate using the initial albedo map which is erroneous due toaccuracies in surface
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Figure 3.1: lllustration of the nature of errors in the initi al albedo ©. (a) Input Image,
(b) True Albedo, (c) Obtained Albedo, (d) Di erence Image, ( Bottom) Pixel-wise error
variation in the initial albedo map (@,

normal and light source estimates. The expression in (3.2am be rewritten as

follows
©_ . _ Ny S 3.3
i;j ni(;(j)) 50 i ni(;(j)) 50 ( . )
where , n ands are the true unknown albedo, normal and illuminant directio

respectively. © can further be expressed as follows

g ORIN0)
ni, S N s
o) _ I3) iij
o=+ 3.4
ij i n |(?) 5O i ( )
o nij s n©® 5O . .
Substituting wi; = oo i (3.4) simpli es to
i5j
O

i ij T Wi (3.5)
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This can be identi ed with the standard image estimation fomulation [7]. Here
is the original signal (true albedo), the initial estimate © is the degraded signal

and w is the signal dependent additive noise.

3.2.2 LMMSE Estimate of Albedo

The Minimum Mean Square Error (MMSE) estimate of the albedo @p given

noisy observed map © is the conditional mean
N=E(]9) (3.6)

In general, the MMSE estimate is non-linear and depends on ehprobability
density functions of andw and is di cult to estimate. Imposing linear constraint

on the estimator structure, the LMMSE estimate is given by [@5]
N=E()+C oC (@ E(O) (3.7)

Here C ( is the cross-covariance matrix of and ©. E( ©) and C o are
the ensemble mean and covariance matrix of? respectively. The LMMSE lIter
requires the second order statistics of the signal and naise

The expression for the signal-dependent noise can be rewritten as follows

0 0
_ (g nf) s+nf (s sO)

J ; 3.8
n f?) s© & (3.8)

Wij

Assuming the initial values of surface normah © and light source directions© to
be unbiased, bothE (w) and E(wj ) are zero. Since noise is zero medd( ©) =

E( ). So C (o can be written as

E[( E(C)NC O ECO)T]
C +E[( E()w'] (3.9)

C o
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3.2 Albedo Estimation
Similarly, if C,, is the covariance of the noise term, G, can be written as

Co = E[(O E(CONC® ECOO)T
C +Cuw+E[(  E()w']
Ew( E())7] (3.10)

+

Recalling that E(w) and E(wj )are zero,E (  E( ))w' =0. This simpli es
(3.9) and (3.10) as follows

C 9o =C and C =C +Cy (311)

In conventional image estimation problems, the original gnhal is assumed to be
a wide-sense stationary random eld. For albedo of real watlobjects, stationarity
may be an oversimpli ed assumption. Figure 3.2(a) shows thalbedo of a face.
It is evident from the histogram (Figure 3.2(b)) which is notGaussian that the
albedo is not a stationary random eld.

(b) (d)

300

200

100

0
100 200 -5 0 5

Figure 3.2: Non-stationary mean and non-stationary variarce model for the true albedo.
(a) True albedo, (b) Histogram of (a), (c) Normalized unit variance residual image, (d)
Histogram of (c).

Here we assume a Non-stationary Mean Non-stationary Variaa (NMNV)
model [58] for the true albedo . Unlike the stationary model, the original signal
is characterized by a non-stationary meak ( ) which describes the gross structure
of the signal. Under this model, the residual component ( E( )) which describes

the signal variations is assumed to be a non-stationary whtprocess, i.e. it is
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statistically uncorrelated and characterized by its nontstionary variance ,2] ().
Figure 3.2(c) shows the normalized unit variance residuahiage. The normalized

image seems to have Gaussian-like histogram (Figure 3.2(ayhich justi es the

NMNV model for the true unknown albedo [58]. Under the NMNV asumption,
C is a (non-constant) diagonal matrix. As C is diagonal, C ¢ Iis diagonal.
Since C is diagonal, G, and thus C ¢ are also diagonal. Therefore, the LMMSE
Itered output (3.7) simpli es to the following scalar (point) processor of the form
Ny = EC )T i(;(j)) E( i(;(j))

50)

QAT (3.12)

where, i =

where ,21 ( )and ,21 (w) are the non-stationary signal and noise variances respec-
tively. Recalling that E( ©) = E( ), (3.12) can be written as

My =@ H)E it i(;?) (3.13)

So the LMMSE albedo estimate is the weighted sum of the enselmbmeanE( )
and the observation ©, where the weight depends on the ratio of signal variance
to the noise variance. For low signal to noise ratio (SNR) régns, more weight
is given to the a priori mean E( ) as the observation is too noisy to make an
accurate estimate of the original signal. On the other handor high SNR regions,
more weight is given to the observation.

3.2.3 Noise Variance

From (3.8), the signal-dependent nois& is

_ (g ni) s+l (s sO)

n f?) s© E

Wi (3.14)
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3.2 Albedo Estimation

We assume that the error in surface normaln(j; ni(;?)) is uncorrelated inx, y
and z directions and their variances are same. A similar assumpti on the error
in the light source direction & s©) leads to the following expression for the

noise variance 2(w)

2w)= 2w+ 2(wy) (3.15)
where, |
Sx2+ sy2 + 5,2
fwy= ) - E G (3.16)
(N s@)
and (0) 2 0 2 (0) 2!
n + n + n
2(wy) = Xs) — (O)y —— E 3 (3.17)
(N s@)

Here ,21 (n) and ?(s) are the error variances in each direction of the surface

normal and light source direction respectively. fsy;s,;s,g and fn: n§0); n&o)g

are the three components of the illuminant direction and inial surface normal

0. 0). 0

respectively. By;sy;s,] and [nx”;ny”;nz’] being unit vectors, the expression for

the noise variance can further be simpli ed as follows

f(n)+ 2(S)E 2

(n I(?) S(O))2 1)

2 —
H] (W) - (318)
Appropriately, the noise variance is proportional to the awor variances of normal
and light source estimates and the variance of the originalghal. Interestingly,
the noise variance is inversely proportional tor(i(;?) s©) which is the cosine of

the angle between the estimates of surface normal and liglawsce direction.

We investigate the correctness of such a relation using a $lyetically generated
image. Figure 3.3 (left) shows the error in © for a synthetically generated face
image. We see that the error actually varies inversely with1(,-(;?) s©) when all the
other factors are constant. Such an observation can be atitited to the nature

of the cosine function as shown in Figure 3.3 (right). When # angle is small,
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= = = = pixel-wise albedo error

(050 Pl fay,

(n(o) >s(°))2 (scaled)
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03 ‘ ‘ Ay,

Errorinr © s
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] L] -anm ‘;n ] w :m--:\;-
) 0

2
Figure 3.3: Left: Pixel-wise albedo error vs (li(;?) s©)". Right: Cosine function ex-
plaining the error variation.

the cosine function changes slowly which implies that smadlrrors in the angle
estimate ( x) will not adversely a ect the accuracy of © ie. vy, issmall. On
the other hand, when the angle is large, even a small error ihg angle estimate
can lead to large errors in ©. The noise variance expression used in the proposed
estimation framework is capable of accounting for this vaation and thus has good
potential to obtain a fairly accurate estimate of albedo. Tk various steps of the
proposed algorithm to obtain the albedo estimate from an ing intensity image
are enumerated in Figure 3.4.

3.2.4 lllustration with synthetically generated data

Figure 3.5 shows the albedo maps obtained using the proposadorithm for a
face image. To facilitate comparisons with ground truth, tke input face image
is generated using 3D facial data [20]. Both correct and awge facial surface
normals are used a$ © to show the e cacy of our approach for a wide range
of errors in surface normals. The other contextual inform&in required to obtain

the LMMSE estimate of the albedo is determined as follows

The illuminant direction s© is estimated using [22]. 2(s) is estimated by

generating a large number of images under randomly selectaghting conditions
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3.2 Albedo Estimation

Input: 2D intensity image | and average surface normai © .

Get initial estimate of sources© in a least squares manner assuming unijt
albedo.

Get initial raw estimate of albedo © usingn© and s©

© - _ i
R RPN ()

Il]
Estimate the non-stationary noise varianceiz;j (w) using
AWESONE

(g so) "

2 (w) =

Calculate the LMMSE estimate of the true unknown albedo by tiearly
combining the signal ensemble average ) and the initial raw albedo ©
as follows

©)

My =@ )E it i
Z0)
where, = 2l
b S0+ E(w)

Figure 3.4: Algorithm for nding the LMMSE estimate of albed o

and estimating their illumination directions.

2(n) is estimated from 3D face data [20]. The data consists of $ace normal

information for 100 laser-scanned faces.
Initial albedo © is obtained using (3.2).

E , ?()andE 2 are estimated from facial albedo data [20]. Figure 3.6

shows maps oE , 2( )and 2(n).
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110
= = = True albedor

100- [ Deodeeg N

=— Ensemble average
Final estimated albedo |

90

; 8o
(a) Input Image () r © (true n) (©) r© (average n) 708
60

s0f ¢

40j‘77‘
- 301
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Albedo value
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(d) True albedo  (e) Estimated albedo (f) Estimated albedo 930 o35 ot 95 90 95 960 968
(true n) (average n) Pixel

Figure 3.5: Estimated albedo maps. Average per-pixel errar are in the ratio
(b):(e):(c):(f) :» 17:9:26:12. The plot shows the nal albedo estimate as compared
to the true albedo, initial albedo (@ and the ensemble average.

The estimated albedo maps (Figure 3.5) seem to be free sifadowye ects
present in the input image and are quite close to the true alde map. As zero
intensity pixels do not provide any albedo information, a f& black regions can be

seen in the estimated albedo maps.

(© s*(n)

() E(r) (b) s¥(r)

Figure 3.6: Mean and variance maps used. (a) Ensemble mean afbedo, (b) Ensemble
variance of albedo, (c) Error variance of the surface normal

The improvement in the albedo maps can be explained using tipéot in Fig-
ure 3.5. Though both the ensemble average and the initial afdo © are quite
far from the true albedo, their linear combination follows lhe true value closely.
Thus the approach does well in choosing appropriate combmg coe cients
in (3.13), so that the variation in the accuracy of © at di erent points is duly
accounted for. The improvement obtained over © is signi cant and is consistent

across images of di erent faces in several di erent challging illumination condi-

26



3.3 Shape Recovery

tions. When tried on 1000 images, the average reduction inmpgixel albedo error
is observed to be over 33%. We observe that the improvementatbedo estimates

is consistent and is not overly sensitive to the used statiss.

3.3 Shape Recovery

In this section, we focus on the general SFS problem of estitimg the shape of an
object with varying albedo map from a single image. This is aifi-posed problem
with too many unknowns and just one constraint per pixel. Trditionally, assump-
tions like constant/piece-wise constant albedo and knowiliuminant direction are
made to make the problem somewhat tractable. Though importd to address
the ever-elusive problem of shape recovery from a single ipea these assump-
tions make the SFS approaches ine ective for real objects thivarying albedo.
In our approach, we transform the original problem of estintang shape of an
object with varying albedo map and unknown illumination, toone of estimating
the shape of an object with constant albedo and known light soce direction that

can be addressed using traditional SFS approaches.

Input Image ——{ Albedo }——{ Normalized Image }——{ Transformed Image H Shape ‘

Q Varying albedo Q Unit albedo Q Unit albedo
Q Unknown source S Q Unknown source $ Q Known source $©

Initial source
estimate $(©)

Figure 3.7: Schematic diagram of the proposed approach forape recovery.

We describe in detail each step of the proposed algorithm ogi a face image
as an example. We use 3D information of an average face modelthe initial

estimate. Using the average shape, we obtain an initial estate of illuminant
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direction by formulating it as a linear Least Squares probia [22]

|

1

X T X
0) — (0)  (0)

S() - ni;j ni;J'

iij i

L ng) (3.19)
wheren @ is the average facial surface normal. Starting with theseitial normal

and illuminant estimates, the algorithm proceeds as follasv(Figure 3.7)

3.3.1 Albedo Estimation and Image Normalization

Given an image, a robust albedo estimate is determined usitige image estimation
approach described in the preceding section. The albedo iesdte ” is used to
normalize the input image to obtain analbedo-freeimage G as follows
| i
Gi;j = /\L (320)

Il)
The normalized imageG is an image of an object with the same shape as that
of the original one but with unit albedo map. Figure 3.8 showsan example
of the normalized image obtained from a synthetic face imag&he normalized
image appears quite close to theue normalized image obtained directly from the
shape information. Also, both the images are quite di erenfrom the input image

highlighting the importance of such a normalization step fere shape estimation.

»
!
‘

(a) Input Image (b) True G (c) G (using estimated r)

Figure 3.8: Normalized image obtained using the albedo estiate.

For a Lambertian object, G;; represents the cosine of the angle between the
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3.3 Shape Recovery

true unknown surface normah;; and the true unknown illuminant direction s as
illustrated in Figure 3.10 (right). So usings® to recover the shape may introduce
errors in the output depending on the errors in the source éstate. Though the
normalized image can potentially be used to estimate the dace normal and
re ne the illuminant direction estimate using a suitable ierative optimization
scheme (e.g., [22]), most traditional SFS approaches assuknown light source
direction because of possible stability issues in such igive optimizations. Here,
we propose an estimation framework to transforn® to another albedo-freemage

illuminated by a known light source.

3.3.2 Image Transformation

In this step, we transformG;; to another imageH ;; that represents the cosine
of the angle between the true unknown surface normal;; and the known light

source estimates© (Figure 3.10 (right)). An image estimation framework that
utilizes the statistics of error in the source estimate is sl for this task. The

normalized imageG can be written as

G=n's (3.21)

Now for each pixel, writing the true illuminant direction s in terms of the initial

estimate s© and the di erence between the two, we obtain
Gij =niy sP+ny (s s9) (3.22)

Identifying that H ;; represents the cosine of the angle between the true normal

ni; and the initial estimate of the illuminant direction s©@, (3.22) simpli es to

Gij = Hyj + (3.23)
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where i; = ni; (s s@). As before, this can be viewed as an image estimation
problem to obtain an estimate of the transformed imagél . Here the normalized
image G is the degraded signal and is the observation noise.

Similar to the albedo estimation case, imposing linear catnaint on the esti-
mator structure, the LMMSE estimate is given by [105]

H ij =(1 i )E Hij + 4 Gj
where, i = '2’ (H )2 (3.24)
Y GH)+ 50)

Here 2( ) and ?(H) are the non-stationary noise and signal variance respec-
tively. The derivation for the expression for the LMMSE estnate ofH in (3.24)
follows in the same fashion as for albedo and hence omitted bvevity. As before,
assuming that the error in the illuminant direction (s s©) is uncorrelated in

the x, y and z directions with the same variance 2(s), we have

50)=(n2+n2+1n%) (s)= *(s) (3.25)

| E\ E: |
g W o -
E: Sy E.-i :

(@G (b) leue © Hesl

Figure 3.9: The transformed image (c) obtained using the prposed estimation frame-
work. For comparison, the normalized imageG and the true H (generated from the
3D data) are also shown. Average per-pixel errors irG and H are in the ratio of 3:1.

Figure 3.9 shows the transformed image obtained using thiparoach. The
true source direction in this case is [0, 0, -1] whi&? is taken to be [-0.86, 0, -0.52].
Clearly, the advantage gained using this image transformiain step depends on the

error in s©. We perform an experiment to observe the deviation i andH from
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Figure 3.10: Left: The variation of error in G and K with an increase in the angular

di erence between the estimated and true illuminant direction for di erent values of
2(s), Right: Image transformation.

H with the increase in error in the estimated illuminant diretion. As shown in
Figure 3.10 (left), bothG andH are close taH when the error ins© is small. The
dierence jH Gj increases almost linearly with an increase in the source err
On the other hand, the error inH saturates quickly, highlighting the advantage
of the proposed estimation framework to obtain a reliable #sate of H. The
experiment is repeated with di erent values for the sourcereor variance. The
value of 2(s) indicates the con dence in the estimated illuminant diretion and
thus the weight given to the normalized imagé&s in comparison to the ensemble
averageE H

To evaluate the usefulness of the proposed transformatiorom G to H , we
estimate the typical errors in light source estimate using@DO0 synthetic images
and estimating illuminant direction using (3.19). The aveage error in the source
direction estimate is around 16 indicating approximately 50% reduction (0145
to 0:07) in average per-pixel error fronG to H for 2(s) = 0:01, the value used
in our experiments. The di erent contextual information required to obtain the
transformed image is determined from the 3D facial surfacemmal data [20]. The

estimated illuminant direction s© is used for generating a large number of tran-
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Input Image

i

nmu@@mmgmm

Figure 3.11: The estimated albedo maps* and transformed imagesH obtained for a
few subjects from Yale dataset [41].

Transformed Image Albedo estimate

formed images which are then used for estimating the ensembheanE H and
variance 2(H ). Figure 3.10 (right) visually demonstrates the image trasforma-
tion procedure.

Figure 3.11 shows the albedo maps and transformed imagesabed using the
proposed approach on real images from the Yale Face Datab&spl1]. As desired,
the transformed images seem to be less a ected due to var@tis in albedo than
the original input images. Note thatH is the LMMSE estimate of the image of
an object with same shape as the original object but with unialbedo map and
illuminated by the light source s . Thus one can use a suitable SFS algorithm

to solve for the unknown shape.

3.3.3 Shape Estimation

In our implementation, we use the SFS approach by Tsai and Sing130] that
uses a linear approximation of the re ectance function. Herwe provide a brief
overview of the method for completion. For Lambertian surfees, the re ectance

function R has the following form

[pu ’qul ]T

R(plj’qu)_ 2—
1+pf + q

(3.26)
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wherep;; and g;; are the surface gradients. Employing discrete approximatns
for p and g using nite di erences, we get

0 = fRy;Zy;Zi ;2 1)

= Ry R@Zy Ziy:Zy Zi 1) (3.27)

whereZ ;; denotes the depth values. For a given transformed imag%, a linear
approximation of the functionf about a given depth mapzZ " ! leads to a linear

system of equations that can be solved using the Jacobi itéikee scheme as follows

d

0="F(zZy) f@Z{H+(zZy Z§* iz f(zy* (3.28)
Now for Z;; = Zj};, the depth map atn-th iteration can be solved using
f(zn !
— 1 ;

dz i;

In our experiments, we use the domain-speci ¢ average shage the initial depth
map. Figure 3.12 shows the various steps of the proposed albeestimation and
shape recovery algorithm. Depending on the application, encan potentially
repeat the sequence of steps with the updated estimates torther re ne the
albedo, shape and illuminant direction. In our experimentsvith face images, we
do not see much improvement in the estimates after rst (or st few) iteration(s).
Therefore, all the results shown here are generated usingigée parse through the
proposed steps. The whole process takes around 2-3 secorsitsguan unoptimized
MATLAB code on a regular desktop.

3.4 Experiments

We provide details of the experiments performed to evaluatie robustness and

usefulness of the albedo and shape estimates obtained udimg proposed image
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Albedo Estimate

e e

Ly i/
1 { -
i}

Normalized Image

=

i

r’f
f &=
-

| Transformed Image |

Objective: Given an input image, estimate the shape and albedo of the imaged object.

Albedo Estimation: Compute albedo using the initial shape and illuminant information as follows
pgf? = %

n; . -s©

Expressing this albedo value in terms of the true unknown albedo

0
PE} =Pt Wi

Compute the LMMSE estimate of the true albedo using an image estimation formulation

Image Normalization: Using the improved albedo estimate, normalize the input Image as follows
I,
G, ;=
Pij

The normalized image is an image of the original object under the same illumination but with unit albedo.

Image Transformation: Expressing (' in terms of another normalized image F of the same object

taken under the initial illuminant estimate (different from true illuminant direction)
Gi;=H;;+v;

Compute the LMMSE estimate of the transformed image H using another image estimation formulation.

The transformed image is the image of an object with same shape as that of the original object

but unit albedo map, illuminated in the presence of known light source.

Shape Estimation:.Using the transformed image, one can use any suitable SFS technique to estimate

the shape of the object.

Shape Estimate | Texture-Mapped Shape Estimate |

Figure 3.12: Visual demonstration of the proposed algoritim.

estimation framework. We provide examples of albedo estites obtained on

real images. The albedo estimates are also used to relightaiges under frontal

illumination condition. The illumination-insensitivity of the albedo estimates is

highlighted by using them to recognize faces across illunaition variations. The

face recognition application requires albedo estimateom images illuminated by

multiple illumination sources. Therefore, the proposed #@mation framework is

extended to deal with realistic multiple source scenarios.
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Other than the image estimation framework to estimate albeal the main con-
tribution of the work is in transforming the input image to an albedo-free image
taken in the presence of known light source which can be usem thape recov-
ery using existing techniques. Therefore, we perform a repution experiment to
evaluate the e cacy of the transformed image before using to recover 3D shape.
The recovered shapes are compared with the available 3D infation. The ef-
fectiveness of the approach is further highlighted by usinthe shapes recovered
from images downloaded from the web to generate novel vievakén under novel

illumination.

3.4.1 lllumination-Insensitivity of Estimated Albedo

Input Images

Noisy Albedo

Estimated Albedo

Figure 3.13: Albedo estimates obtained from several imagesf a subject from the PIE
dataset [115].

Figure 3.13 shows the albedo maps obtained from several irragf a subject
from the PIE dataset [115] taken under di erent illumination conditions. Average
facial surface normals are used ag®. The illuminant direction s© is estimated
using (3.19). The nal albedo estimates obtained using therpposed approach
appear much better than the initial erroneous ones and do na@eem to have the

shadowye ects present in the input images. In addition, as desiredhie estimated
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albedo maps appear quite similar to each other.

We also perform a relighting experiment using the estimatedlbedo maps
to generate images under frontal illumination. The relighhg is performed by
combining the estimated albedo maps with average facial gmainformation. Fig-
ure 3.14 (second row) shows the relighted images and the @sponding input
images ( rst row) taken under challenging illumination comlitions. The relighted
images seem quite similar to the actual frontally illuminag¢d images of the same
subjects from the dataset shown in the third row.

Input
Images

Images

Frontally illuminated Relighted
images from PIE

Figure 3.14: Relighting results on a few images from the PIE dtaset [115].

3.4.2 Face Recognition

We now evaluate the usefulness of the estimated albedo maysaa illumination-
insensitive signature. We perform recognition experimeston the PIE dataset
that contains face images of 68 subjects taken under sevedakrent illumination
conditions. Given the estimated albedo maps, the similagitbetween images is
measured using Principal Component Analysis (PCA). FRGC [ training data
consisting of 366 face images is used to generate the (alpdelGA space. Recogni-
tion is performed across illumination with images from ondliimination condition
forming the gallery while images from another illuminatiorcondition forming the

probe set. In this experiment setting, each gallery and prabset contains just one
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image per subject. Table 3.1 shows the rank-1 recognitionstdts obtained. Each
entry in the table shows the rank-1 performance obtained fane choice of gallery
and probe set. The albedo maps perform quite well as illumitian-insensitive

signatures with an overall average recognition accuracy 88%.

As shown in the table, the performance compares favorably twithose of [145]
and [4] which follow similar experimental setting. The pedrmance is also compa-
rable to the one reported by Romdhanet al. [103] and Zhang and Samaras [139].
Using a 3D morphable model based algorithm, Romdhaat al. obtain an average
recognition rate of 98% (same as ours with;, as gallery) using the frontally il-
luminated images ( ashf 1,) as gallery. An average recognition rate of 99% (with
f1, as gallery) is reported by Zhang and Samaras using a sphetite@rmonics-
based approach. Initial albedo maps @ perform poorly in this experiment with
an overall average rank-1 performance of 27%. This may be dwethe fact that
average facial normals are far from the true normals leadirtg large errors. It is
worthwhile to note that the proposed estimation frameworks able to take care

of such large errors leading to good recognition performaanc

There are quite a few di erences between [103, 139, 145, 4dahe proposed
approach that warrant some clari cations. First, our expeimental setup is re-
strictive with face images assumed to be in frontal pose (thgh it is potentially
extensible to deal with non-frontal poses). However, ther@re quite a few advan-
tages that the proposed approach o ers as compared to othexisting approaches.
The proposed algorithm does not involve any costly optimizen step and is easily
and e ciently implementable. In addition, albedo estimation requires limited do-
main knowledge in the form of ensemble means and variances fdct, as discussed
in Section 3.4.6, one can replace the ensemble informatiop local statistics to
obtain albedo estimates using the proposed framework. Thisakes the approach
relatively easier to extend to general objects where the daim-dependent statis-
tics is not available. Moreover, the proposed albedo estirti@an approach does not

impose a linear statistical constraint on the unknown albeal and can be easily
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Table 3.1: Recognition results on the PIE dataset [115] usig the estimated albedo. We
include averages from [145] and [4] for comparisorf.; denotes images withi" ash ON

as labeled in PIE. Each (;j )" entry is the rank-1 recognition rate obtained with the

images fromf; as gallery andf; as probes. F denotes 100 percent.

Probe fos foo fiun faz f13 f1a fis fie f17 f2o f2r f22 | Avg Avg Avg
[145]  [4]
Gallery

fos - F F 99 93 91 79 72 44 F 96 85 87 89 92
fog F - F F 99 97 91 90 75 F 99 93 95 93 97
f11 F F - F F 97 88 78 57 F F 93 92 92 95
f12 99 99 F - F F 96 96 87 F F 97 98 96 98
f13 99 99 F F F 99 99 90 99 F F 99 98 F
f1a 97 99 F F F - 99 97 90 F F F 98 99 99
fis 84 94 88 F F F - F 99 93 F F 96 96 97
f16 76 97 79 99 F 99 99 - F 75 99 F 93 91 94
fa7 53 82 56 90 96 94 94 F - 54 96 97 83 80 87
f20 F F F F F F 94 78 57 - F 99 93 91 95
for1 99 99 F F F F 93 94 85 F - 97 97 96 99
foo 90 99 97 F F F F 97 91 97 F - 97 98 98

Avg 91 97 93 99 99 98 94 91 80 93 99 96 94 - -

Avg [145] 88 94 93 97 99 99 96 89 75 93 98 98 - 93 -
Avg [4] 90 97 94 99 99 99 98 93 87 95 99 99 - - 96

extended to realistic multiple illumination scenarios (Setion 3.4.3).

3.4.3 Albedo Estimation in Multi-source Scenario

Our analysis so far assumes that the image is illuminated bysingle light source.
However, the assumption does not hold in many realistic samos. One of the
main challenges in handling multiple light sources is the alence of priori knowl-

edge of the number and placement of the sources. To handleshive use the result
established by Leeet al. [70] that an image of an arbitrarily illuminated object

can be approximated by a linear combination of the images afi¢ same object in
the same pose, illuminated by nine di erent light sources pced at pre-selected

positions. Using this approximation, the image formation guation becomes

| = 'k where 1= max(n sg;0) (3.30)
k=1

38



3.4 Experiments

illumination directions [70] are used

f0;49, 68,7377, 84 8482 509°

f0;17,0; 18,3747, 47, 56, 84g° (3.31)

Since the source directions are pre-speci ed, the only unéwn to estimate the
illumination conditionsis . Given animagel of an object and domain-dependent

average surface normals @, is estimated in a least squares sense as follows
N= WY (3.32)

wherel is the N dimensional vectorized image antlV ¢ is given by

max(n (10) $1;0) ::: max(n (10) So; 0)

max(n (20) $1;0) ::: max(n (20) So; 0)
W : . .

max(n (,\?) $1;0) ::: max(n (,\?) So; 0)

The coe cients » can be used to obtain an initial value of the albedo for each
pixel as follows

O _ o l'ij
ij = P 5 (3.33)
z:l Ak max(n i(;j) Sk, O)

Robust albedo estimate is obtained by formulating an imagesemation problem
as follows

D=+ wy (3.34)

where the signal dependent nois&;; is given by

W = k= (k ZWn st M(n n©®) s
g I z=1 /\kn(O) Sk
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Subscripts §;j )% and explicit max operator have been dropped in the above
expression for clarity. Similar to the analysis for the sirlg light source case, the
NMNV model for the true albedo leads to the following LMMSE dledo estimate

i = i B € i = 3 >

] ;] i;j i'j( )+ 2 (W) (3.35)

Assuming that the errors in estimation of ,'s are uncorrelated and have same
variance ?( ), the noise variance for each pixel is given by
P 2( \E 214+ 2(n)A2
2(w) = —K=L ()EIN si)] (n)"
9
(k= NN©@ sp)2
where, E[(n s)=(n©@ s)?+ 2() %(n)

E( %)

Single Source Algm

Mult. Source Algm
e

L 2
(d) True Albedo (e) Estimated Albedo (f) Estimated Albedo

Figure 3.15: Comparison between albedo maps obtained usingingle and multi-source
frameworks. Average per-pixel errors are in the ratio (b):€):(c):(f)::30:19:22:12. The
input image is illuminated by three light sources.

Figure 3.15 shows the albedo maps obtained using the propdsgproach for
a face image illuminated by three light sources. Average fat surface normals
are used as1 © in this experiment. The proposed multi-source approach pvies
the best result and has lesshadowye ects than the others. The single source

estimation framework also improves the corresponding il albedo ©, but
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Table 3.2: Accuracy of albedo estimates using single and mitiple source frameworks.
Entries show average per-pixel albedo errors.

Single Multiple Error
source source | reduction
framework | framework
©) 35 22 37%
A 23 14 39%
Error
reduction 34% 36% 60%

the result is not as good as the one obtained using the multgpkource algorithm.
Table 3.2 compares the accuracy of various albedo estimatdégained from images
illuminated by multiple light sources. As shown, the singléght source assumption
results in larger errors. Overall improvement in the albedestimate obtained by
the multiple light framework as compared to the initial alo&lo map obtained under
the single light source assumption is about 60%. One thoushimages were used

to generate the statistics.

3.4.4 Face Recognition : Multiple Light Sources

In this section, we evaluate the usefulness of the proposediltitsource framework
over the single source one when the images are illuminateddsveral light sources.
In the absence of a controlled multi-light source dataset, avgenerate multi-light

source scenarios using the PIE dataset by combining multglimages for each
subject. Randomly chosen two, three or four images under dirent illumination

conditions are combined to form twelve di erent multi-light source scenarios. For
the recognition experiment, one image per subject is randdyrselected from the
twelve illumination conditions for gallery and another ondor the probe set. The
experiment is repeated 100 times for di erent random combations of gallery and

probe sets. Figure 3.16 shows Cumulative Match Charactetits (CMC) curves
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comparing the recognition performance obtained using théteedo maps estimated
by the single source framework with that of multiple sourcerdmework. Error
bars re ect the variations in recognition performance for lie di erent trials. As
expected, the multi-source framework signi cantly outpeiorms the single-source
one. As before, the initial albedo maps ©@ for both single and multiple source
frameworks perform poorly in this experiment.

100

95

O Recognition using single
source framework

Recognition rate

: Recognition using multiple
85F - - source framework

o

10 20 30 40 50 60
Rank

Figure 3.16: Recognition performance ommultiply-illuminated PIE dataset.

3.4.5 Shape Recovery

As far as the problem of shape recovery is concerned, the maiontribution of

this work is in generating thealbedo-freetransformed image with known illumi-
nant direction. Therefore, we rst evaluate the robustnesf the transformed
images generated using the proposed approach. Unlike albeestimates, the
transformed images are not illumination-invariant. In fat, a transformed image
represents the cosine of the angle between the true unknownrface normal and
the known estimate of light source direction, which dependsn the illumination

in the input image (Figure 3.10 (right)). Therefore, unlikealbedo, one cannot
directly perform a recognition experiment to evaluate the ecuracy of the trans-

formed images. Instead, we make use of the statistical falc&nape information to
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Table 3.3: Recognition results on the PIE dataset [115] usig the transformed images.
fi denotes images withi" ash ON as labeled in PIE. Each (i;j )" entry is the rank-1
recognition rate obtained with the images fromf; as gallery andf; as probes. F denotes
100 percent.

Probe | fog foo f11 f1o f13 f1a fis fis f17 f2o f2r f2o | Avg
Gallery
fos - 99 99 94 88 74 53 47 26 97 85 5774
fog 94 - 94 99 99 94 71 66 46 93 99 7P 85
f11 99 99 - F 99 96 74 57 46 F F 87 87
f1o 91 99 F - F F 9% 87 71 F F 99| 95
f1s 87 93 97 F - F 9 94 90 96 99 Fl 96
f1a 71 96 97 F F - F 99 94 F F F 96
f1s 60 76 75 96 F F - F F 82 97 F| 90
f16 41 69 54 90 96 F F - F 62 93 F| 82
fi17 28 44 47 84 93 97 F F - 59 88 99 76
foo 94 96 F F 97 96 85 60 57 - F 91 89
for1 85 99 F F F F 97 93 79 F - 99| 96
foo 50 84 85 99 F F F F F 9% 99 -1 93
Avg 74 87 86 97 97 96 89 82 74 90 96 9288

derive illumination-insensitive signatures from transfomed images. In essence, we
force a rank constraint on the unknown shape by writing the insformed image

in terms of the basis surface normals as follows

Hij =max ny s©;0 = X agmax n¥ s©@;0 (3.36)
k=1

wherenX is the k™ basis surface normal andy is the corresponding combining
coe cient. The coe cient vector a being independent ofs®, can be used to
perform recognition across illumination variations.

Table 3.3 shows the recognition results obtained on the PlIEathset using the
coe cient vectors a obtained from the corresponding transformed images. The
basis normal vectors are derived from the 3D facial data [28hd the coe cient

vectors are computed using a closed-form linear least sqaapproach. The overall
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average recognition rate achieved in this experiment is 88%his signi es the

e cacy of the proposed approach in generating robust transfmed images.

EEE ‘7/ EEL Lz

Figure 3.17: Comparison with the ground truth. (a) Input ima ge (FRGC dataset), (b)
Estimated albedo, (c) Recovered shape, (d) True shape.

We now demonstrate the usefulness of the transformed imagkes the task
of shape recovery. Figure 3.17 shows a comparison of the keced shapes with
the 3D shapes of the corresponding subjects from the FRGC dakt [95]. The
proposed approach seems to recover various person-spetacial features around
lips, eyes, etc. Note that the 3D shapes available in the ddiase are captured on
a di erent day than the input intensity images, leading to sightly di erent facial
expressions in the estimated and true shapes.

We perform another experiment to quantitatively evaluate he shape estimates
obtained using the transformed images. We compare the shapstimates with
the ones obtained using the approach in [130] that directlyses intensity images
as input. One thousand synthetically generated images (ugj Vetter's 3D face
data) are used to determine the angular error in the estimatenormal maps for
comparison. We observe an improvement of over 15% using oppaoach. We also
test the e cacy of the approach on images downloaded from theveb with little
control over the illumination and other imaging conditions Figure 3.18 shows the

albedo and shape estimates obtained along with a few novekwis synthesized
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under novel illumination conditions.

Figure 3.18: Novel view synthesis in the presence of novelliimination conditions. (a)
Inputimage, (b) Estimated albedo, (c) Recovered shape, (d)j) Synthesized views under
novel illumination conditions.

3.4.6 Application to general objects

All the experiments are conducted on faces but the approack applicable to
any domain in general where the required error statistics aravailable. In the
absence of ensemble information, the required means andigaces can possibly
be approximated by local spatial statistics. Under such anpgroximation, the

LMMSE albedo estimate is given by [58]

— (0) 0
Alj =i oo i(;j) I(j)
where i = Vi () (3.37)
' TR+ B (w)
where ;; and ,(?) are the local spatial means of ;; and I(?) respectively, and
viz;j( ) is the local spatial variance of ;. The local statistics of ;; can be

45



Chapter 3. Robust Estimation of Albedo for Illlumination Ins ensitive
Matching and Shape Recovery

calculated from that of the degraded signal using the follang relations

= O (3.38)

0 2
GO O %A,

1+ A ,

)+ 2(s)

2 -
vii ()= 2
! 0
(ni(;j) S(O))

where  A;j =

(3.39)

Though not too accurate, these approximations are probablyne best one can
do in the absence of any ensemble information. Figure 3.19i¢dle row) shows the
albedo estimates obtained this way for a few images (top rofvpm the Amsterdam
Library of Object Images [43]. As desired, the illuminatiore ects present in the
input images are less visible in the albedo maps. This is finr highlighted in
the shadow maps shown in Figure 3.19 (bottom row). In these axples, the
surface normals required to obtain the initial albedo map & assigned manually.
For example, the cylindrical shape is used for the mug and theoke can while
the cuboidal shape is used for the boxes shown in the gure. dtire 3.20 shows
some more examples of the albedo estimates obtained alonthve few zoomed-in

regions to signify the usefulness of the approach for genleohjects.

3.5 Summary

We proposed an image estimation formulation for the task ofllaedo estimation
from a single image. Errors in illumination and surface noral information lead
to erroneous albedo maps. The proposed estimation frameWwar ectively utilizes
the statistics of error in illumination and normal information for robust estimation
of albedo. Extensive experiments are performed to show theafulness of the
estimated albedo maps as illumination-insensitive signates. The albedo maps

are also used to obtairalbedo-freeimages for shape recovery.
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Figure 3.19: Top: Images from the Amsterdam Library of Objed Images [43]; Middle:
Estimated albedo; Bottom: Shadow maps (albedo-free imagesf the corresponding
input images).

Figure 3.20: Top row: Original images of a few objects; Botton row: Estimated albedo
maps obtained using local statistics. The zoomed in regionare shown to highlight the
di erence between the input images and the corresponding #ledo estimates.

a7



Chapter 4

Pose-Robust Albedo Estimation from a Single

Image

In Chapter 3, we proposed a model based approach based on timage formation
model for robust estimation of albedo from a single face imag The approach
uses a stochastic Itering framework for handling the erra due to inaccuracies
in the surface normals and light source direction to estimatalbedo across wide
range of challenging illumination conditions. One limitaibn of the approach is
that it requires accurate knowledge of the pose of the faceahmay not typically
be available. To be able to recognize faces in real and unciwamed scenarios
which is the ultimate goal, it may not be realistic to assumeither frontal pose
or an accurate knowledge of the pose since facial pose estiorais by itself a
challenging research problem [87].

In this chapter, we build upon the formulation in the previows chapter to ac-
count for inaccurate pose information in addition to inacctacies in light source
and surface normal information. The proposed approach is amage estimation
framework that utilizes class-speci c statistics of the irmged object to iteratively
improve pose and albedo estimates. In each iteration, givehe current albedo
estimate, 3D facial pose is estimated by solving a linear LetaSquares (LS) prob-
lem which is used to further improve the albedo estimate, ansb on. The input
to the algorithm is a face image in which face and eyes are antatically located
using OpenCV's Haar-based detectors.

Extensive experiments are performed to evaluate the usafielss of the pro-
posed approach. Experimental results on synthetic data inawing poses are

provided to show the accuracy of the albedo and 3D pose estit@s for di erent
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unknown poses. To show the usefulness of the estimated albedaps as illumina-
tion insensitive measures, the estimated albedo maps aresdgor the task of face
recognition. We also provide comparison with ground truthdr the estimated 3D
facial poses. Experiments on unconstrained real face imageom the net further
highlight the usefulness of the approach.

The rest of the chapter is organized as follows. The proposatbedo and pose
estimation framework is described in Section 4.1. The delsiof the proposed
algorithm are given in Section 4.2. The results of experimt evaluation are
presented in Section 4.3. The chapter concludes with a summaand discussion.

Notation:  Throughout the chapter, , n, s, denote the true unknown
albedo, surface normals and illuminant direction and posd the object while

n,s, represent the initial estimates of the corresponding varables.

4.1 Albedo Estimation from a Single Image

For the class of Lambertian objects, the di used componentfdhe surface re ec-

tion is modeled using theLambert's Cosine Law
= max(n's;0) (4.1)

wherel is the pixel intensity, s is the light source direction, is the surface albedo
and n is the surface normal of the corresponding point. The max fgtion in the
relation accounts for the formation of attached shadows.

Let n;; and s be some initial estimate of the surface normal and illumindn
direction respectively. Let represents initial knowledge of the pose. The Lam-
bertian assumption imposes the following constraint on thaitial albedo  ob-
tained at pixel (i;] )

ij = i (4.2)

where is the standard dot product operator. In most real applicatns, the input
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is only a single intensity image and so we do not have accuragstimates of the
(a) pose, (b) surface normals and the (c) light source dirdon. Inaccuracies in

these initial estimates lead to considerable errors in thanitial albedo estimate

(Figure 4.1).
L ﬁ 8

L_

@ (b) () (d)

Figure 4.1: lllustration of errors in albedo due to errors in surface normals, illuminant
direction and pose. (a) Input Image; (b) True albedo; (c) Albedo estimate using average
facial surface normal, estimated illuminant direction and true pose; (d) Error map for
(c); (e) Albedo estimate using true values of surface normahnd illuminant direction
and assuming frontal pose; (f) Error map for (e) due to inaccuacies in pose information.

As shown in the gure, even if surface normal and illuminant glections are
accurately known, error in pose information can result in uscceptable errors in
the albedo map. In Chapter 3, an image estimation formulatiowas proposed to
account for the inaccuracies in the surface normals and thigtt source direction,
but knowledge of the pose was assumed to be knowrpriori. In this work, we
extend the framework to address the more general scenario ex the pose is
unknown. As a byproduct of the formulation, we also get an estate of the 3D

pose which is itself a challenging problem and an active are&research [87].

4.1.1 Image Estimation Formulation

Here we formulate the image estimation framework to obtain @bust albedo
estimate using the initial albedo map which is erroneous due inaccuracies in

pose, surface normal and light source estimates. The exmies in (4.2) can be
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rewritten as follows

(4.3)

where , n ands are the true unknown albedo, normal and illuminant directio

respectively and denotes the true unknown pose. ;; can further be expressed

B]

as follows
N, S Ny S Ny s
irj = irj + H] (4-4)
n, s n. s
We substitute
_ Ny s Ny s o = i S 45
Wij = S i W g (4.5)
i5j 1)
So equation (4.4) simpli es to
i = i Nig Wy (4.6)

This can be identi ed with the standard image estimation fomulation [7]. Here

is the original signal (true albedo), the rough albedo estiate is the degraded
signal andw is the signal dependent additive noise. When the head pose&ismwn
accurately, i.e. if =, hj; =1. So this is a generalization of the formulation
proposed in Chapter 3 for the case of unknown head pose.

4.2 Albedo Estimate

Several methods have been proposed in literature to solvedge estimation equa-
tions of the form (4.6). Here we compute the Linear Minimum Man Squared
Error (LMMSE) albedo estimate which is given by [105]

“'=E()+C C' E() (4.7)
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Here C is the cross-covariance matrix of and . E( ) and C are the ensemble
mean and covariance matrix of respectively. The LMMSE lter requires the

second order statistics of the signal and noise.

From (4.5), the expression for the signal-dependent noisg,; can be rewritten

as follows
(n nij) s+ny (s s)

n

iij

Wij = iij (4-8)
ij S
Assuming the errors in illumination and surface normals to éunbiased, the noise
w is zero-mean. Under this assumption, the expressions for Gnd C simplify

(details in the Appendix) to
C =CH" and C =HCHT+C,, (4.9)

whereH is the matrix containing h's for the entire image as its diagonal entries

and C, is the covariance of the noise term.

Here, we assume a Non-stationary Mean Non-stationary Variae (NMNV)
model for the original signal, which has been shown to be a szmable assumption
for many applications [58]. Under this model, the originalignal is characterized
by a non-stationary mean and a diagonal covariance matrix i non-stationary
variance. Under the NMNV assumption, the LMMSE Itered output (4.7) sim-
pli es (details in Appendix) to the following scalar (point) processor of the form

5 =ECy)* w5 ECy)
5 ()h;
GOnG+ §w)

where, o= (4.10)

where ,2] ) and ,2] (w) are the non-stationary signal and noise variances respec-

tively. Since noisew is zero-meank( ;) = hi; E( ;). Therefore, (4.10) can be
written as

=@ hy H)E ot

i (4.11)

i
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So the LMMSE albedo estimate is the weighted sum of the enselmbmeanE( )
and the observation , where the weight depends on the ratio of signal variance
to the noise variance. Now we derive the di erent entities irthe expression for

the albedo estimate.

4.2.1 Expression for the Noise Variance

From (4.8), assuming the errors in surface normah(; n;;) to be uncorrelated
in the x, y and z directions and their variances are same, the expression fbe

noise variance can be shown to be (details in Appendix)

2(n)+ 2(s
5 (n) 2()E 2

(ny; s) !

Z(w)= (4.12)

Here ,2] (n) and ?(s) are the error variances in each direction of the surface
normal and light source direction respectively.

4.2.2 Expression for hj;

The expression foth;; is given by

(4.13)

The term h;; depends on the di erence of the surface normal corresponditio
the pixel location (i;j ) between the initial pose information and the true pose.
The term is present due to the fact that an incorrect poseis used to compute
the initial albedo that is di erent from the true unknown pose .

Let Figure 4.2 (a) represents the initial pose and Figure 4.2 (b) represents
the true pose . Let us consider the surface points correspaling to the same
pixel location (i;j ) for the two poses. LetP; be the surface point of the face in

the initial pose which corresponds to pixelifj ) (which is P{in the true pose)
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and P2 be the surface point in the true pose for the same pixel; { ) (which is P,
in the initial pose). P; and P2 which correspond to the same pixel location are
physically di erent surface points since the initial poses di erent from the true
pose. Let us assume that the initial pose and the true pose amdated by ( ;T).
Here =1[ «; y; :], denotes the rotation about the centroid of the face and
T =[Tx; Ty; T,] denotes the translation of the centroid.

Image pixel (i,j)

(b)

Figure 4.2: lllustration to explain the relation between surface normals of two di erent
surface points corresponding to the same pixel location. (alnitial pose; (b) True pose.
Here P; and P correspond to the same pixel location i j ), though they are physically
di erent points.

In this case, the di erence between the normals can be expsesl as
Nn=npy Np,=Jp, + Np,po (4.14)

Here, = P, P;isthe dierence inthe co-ordinates oP, andP; andJp, is the
Jacobian matrix of the surface normahp, at surface pointP;. The term n P2iPY
denotes the di erence in surface normals betweemp, and npo. The rst term
encodes thatP, is a di erent surface point from P, and the second term takes
care of the fact that the surface normahpy is a rotated version of the surface

normal np,.
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In [136], Xu and Roy-Chowdhury use a similar equation to reta di erent
frames of a video sequence when the object under considerativas undergoing
rotation and translation. They showed that under small motbn assumption, the
di erence in normal can be expressed as a linear function dié object motion
variables, i.e., the equation (4.14) can be expressed as

ni; = Ai;j + B it T (415)

where the variablesA and B can be computed from the average surface normal
at the initial pose. The exact expressions for these variadd are given in the
Appendix. Figure 4.3 illustrates how well the linear expreson for n;; approx-
imates the true di erencen;; n;; for average 3D face model. The gure shows
the average angular errors due to the linear approximationfo n;; for di erent
values of pitch and yaw. We see that for small rotations, thereor is quite small
which means that the approximation is quite good. Using (45), the expression

for hi; can be written in terms of rotation and translation ( ;T) as

(Aij +ByT) s

ni s

hi;j =1+

(4.16)

4.2.3 Algorithm for Albedo and Pose Estimation

In this section, we describe the proposed algorithm for estating the unknown
albedo map and the pose using the described formulation. Fno(4.10) and (4.12),
we can express the LMMSE albedo estimate as a function of p@s# class-based
statistics as follows

St=1(S)) (4.17)

where S represents the various statistics likee ; ,21 ( ) and FJ (w) and

represents the pose which is given by rotation and translation T. The statistics
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Figure 4.3: Average angular errors in surface normals for arage 3D face model due to
the linear approximation of n;;  n;; (4.15).

implicitly depends on the facial pose. If the pose is knownhé¢ LMMSE albedo
estimate can be computed using the above relation and visarsa. Based on this,

we propose an iterative algorithm to alternately estimate lhedo and pose.

The input to the algorithm is a single intensity image and som nitial estimates
of surface normals and pose. In all our experiments, we use arerage 3D face
model as the initial estimate of the surface normals. Initigpose is assumed to be
frontal in all our experiments. Given the image, OpenCV Haabased detectors
are used to obtain face and eye locations that serve to proednitial localization
of the face region. Using the average shape and initial poséarmation, we obtain

an initial estimate of illuminant direction as follows [22]

where n;; is the average facial surface normal at initial pose The required
class statisticsS is computed based on the initial pose information using Vedt's
3D face data [20]. The rest of the algorithm proceeds as folle
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1. Using the current estimate of the pose, the LMMSE albedotésate °is
computed using (4.11).

2. If the current pose estimate is very di erent from the trueunknown pose, the
current albedo estimate can be quite erroneous. So we penfoa regulariza-
tion step where the current albedo estimate is projected omta statistical
albedo model to ensure that the resulting albedo map lies wih the space of
allowable facial albedo maps. In our implementation, we ustandard Prin-
cipal Component Analysis (PCA)-based linear statistical radel to preform

this regularization. Let the regularized albedo map be deted by 9.

To avoid computation of the statistical model for every intemediate pose,
we bring the albedo map to the frontal pose before regularizan. The
albedo map at the frontal pose ™" s related to the albedo map at the
current pose °s as follows

if;rjontal - ﬁjSt i (4. 19)

From Figure 4.2, the albedo changes from; to P,, but is the same forP,

and PJ. Therefore, = po p, = p, Where p, is the gradient
of at point P;. can further be approximated as [136]
i = Cij *DyT (4.20)

where the variablesC and D are computed from the class statistics (details
are in Appendix).

3. The regularized albedo map is further used to compute a fised estimate

of the pose. From (4.17), we can express the pose in terms oé talbedo
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Chapter 4. Pose-Robust Albedo Estimation from a Single Imag e

estimate as follows
0 1

X1 X, @TA:( *Nn s (4.21)

whereX ;= ™IsTA C andX ,= '™9sTB D. The subscripti;j has
been omitted from (4.21) for clarity. (4.21) is used to obta the new pose
estimate using the LS method.

4. if the albedo and pose estimates between two successiegations are below
a pre-speci ed threshold, terminate the algorithm and outpt the current
albedo and pose. Otherwise, using the updated pose and illumant esti-
mates, repeat the iteration.

As we have seen from Figure 4.3, the linear approximation forn;; in (4.15)
works well for small di erence between the initial pose andhie true pose which
imposes a limit on the pose di erence which the above algohnin can handle.
Experimentally, we have seen that the above algorithm can hdle rotation about
5 6 degrees. To generalize the method to larger pose di erenee de-rotateand
de-translatethe input image by the estimated rotation and translation afer every
iteration. Then we use the newde-rotated and de-translatedimage as input to
the next iteration. Figure 4.4 shows the di erent steps of te proposed algorithm.
As shown, we obtain pose and albedo (in frontal pose) estinest as the output
of the algorithm. The number of iterations required dependsn the pose but we
observed that typically it takes around 5-6 iterations for gpose error of around 2Q
Our MATLAB implementation of the algorithm converges in araind 1.5 minutes
on a Pentium M 1:60 GHz laptop out of which over 92% of the time is used in
warping the class statistics (which can be made a lot fastersing a GPU-based
parallel implementaion).

Figure 4.5 shows the albedo map and 3D pose obtained using fwposed

algorithm for a face image generated using 3D facial data [20The derotated
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Figure 4.4: Flowchart illustrating the di erent steps of th e proposed algorithm.
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Figure 4.5: (a) Input image; (b) Initial rough albedo estimate using frontal pose; (c)
Estimated 3D pose; (d) Estimated albedo map; (e) True albedo (f) The derotated
images after every iteration.

images after every iteration are shown in the second row. Tladbedo estimate at
the true pose is obtained using the pose estimate and the estited albedo at the

frontal pose.

To further illustrate the working of the algorithm, we preset the error surface
along with the path traversed by the proposed iterative algithm (Figure 4.6).
The error surface is generated by computing average per-gixalbedo error for
albedo estimates obtained for di erent pose hypotheses. €herror is minimum
at the true pose of 20 degrees yaw. The algorithm starts witthe assumption of
frontal pose and converges to a pose close to the true pose iteBations (red line
in the plot).

Discussion: We now analyze the reason for the proposed algorithm to work
reliably for pose errors over 30even though the linear approximation for nj;
in (4.15) seems to be accurate only for much smaller anglesotl that the error
plot in Figure 4.3 shows the errors averaged over the entirade but we observe
that most of these errors come from the nose region. The limreapproximation is

fairly accurate for angles as large as 3@or face points that are not close to the
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Figure 4.6: Visualization of the error surface for a syntheic image. (Left) Average
per-pixel error in the albedo map for di erent poses. The path taken by our algorithm
is shown in red. (Right) Top view of the error surface.

nose making the proposed algorithm capable to deal with sutlwrge pose errors.

4.3 Experimental Evaluation

4.3.1 Experiment on synthetically generated data

Table 4.1: Average accuracy in the pose estimates (in deg) fosynthetic data under
di erent illumination conditions and poses. The results are averaged over 1000 images.

The initial pose is always taken to be frontal.

| [ Meanandstd | 5 [ 10 [ 15 [ 20 [ 25 [ 30
Yaw Mean 5:9 10:3 | 152 | 20:1 | 24:3 | 288
Std 1:05 1:3 1:3 1:6 1.5 1.6
pitch Mean 5.4 10:3 | 149 | 20:1 | 24:9 | 292
Std 1:3 1.5 1.9 1:6 1:6 2:1
Roll Mean 4:7 9:7 14:5 | 1955 | 24:1 | 286
Std 1:3 1.5 1.6 1.5 1.5 1.4

For comparison with the ground truth, we rst evaluate the proposed approach
forimages synthetically generated form 3D facial data [20Jable 4.1 and Table 4.2
show the average accuracy in the pose and albedo estimatesaoted for 1000

images generated under di erent illumination conditions ad poses. For all the
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images, the initial pose was assumed to be frontal, so the talshows the results
of the algorithm for increasing errors in the initial pose. Te albedo estimates
obtained are signi cantly more accurate (around 40%) compad to the initial

noisy maps obtained assuming frontal pose.

Table 4.2: Average accuracy in the albedo estimates for thexperiment described in
Table 4.1. The entries in the table represent the average pepixel errors in albedo
estimates.

| [ 5 [ 10 [ 15 [ 20 [ 25 | 30 ]
Yaw 14:8 | 149 | 144 | 149 | 149 | 151

Pitch 14:3 | 144 | 152 | 154 | 159 | 161
Roll 14:7 | 14:8 | 14:8 | 152 | 153 | 159

4.3.2 Recognition across illumination and pose

Figure 4.7 shows the estimated frontal albedo maps for seakimages under di er-
ent illumination conditions and poses for one subject fromhe PIE dataset [115].

As desired, the albedo maps look quite similar to each otherittv much of the

Figure 4.7: Albedo estimates obtained for several images dhe same subject from the
PIE dataset [115].

illumination and viewpoint di erences removed. We furtheruse the estimated
albedo maps as illumination and pose insensitive signatgrén a face recognition
experiment on the PIE dataset that contains face images of G&ibjects taken

under several di erent illumination conditions and pose. The estimated albedo
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maps are then projected onto a albedo PCA space (generatedrfr FRGC train-

ing data) to compute similarity across gallery and probe inges. Here the gallery
images are in frontal pose and frontal illuminatiorf ;, and the probe images are
in side pose and 21 dierent illumination conditions. In ths experiment, each
gallery and probe set contains just one image per subject. Gl@ 4.3 shows the

rank-1 recognition results obtained. We see that the proped algorithm compares
favorably with the state-of-the-art [103] [139].

Table 4.3: Recognition results on the PIE dataset [115]. Theecognition rates of [103]
[139] are included for comparison.

\ | lllumination source from PIE \
fOZ f03 f04— f05 f06 fO? f08 f09 f10 f11 f12
[103]| 60 | 78 | 83 | 91| 89| 92| 94| 97| 89| 97 | 98
[139]| 81| 88|91 (89| 92| 95|93 | 96| 97| 98| 99
Qur | 6884|9196 |97 97| 97| 97| 99| 97| 99

| | lllumination source from PIE |

f13 | f1a | f1s5 | f1e | a7 | fag | f1o | foo | for | f2o | Avg
[103]| 97 | 98 | 97 | 94 | 89| 85| 86| 97 | 98 | 97 | 90:8
[139]] 93| 94 | 93| 91|92 |88 | 90| 94| 96| 95 | 92:6
Our | 9797971931 90| 96| 97| 97| 96 | 97 | 94:2

4.3.3 Head pose estimation and comparison with ground truth

Figure 4.8 shows the results of head pose estimation usingthroposed algorithm
on a set of images from the BU data [60]. The sequence has 2@res out of
which we considered every alternate frame. For every frameg started with the
frontal pose as the initial pose. The rst row in Figure 4.8 sbws some of the
frames from the sequence and the second row shows the congmriof the pose
estimates obtained against the ground truth provided with he dataset. As can

be seen, the proposed estimates are quite close to the groundh.

We also use the proposed algorithm to estimate albedo and posn images
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Figure 4.8: Comparison of the pose estimation results on th&8U dataset [60] with the
provided ground truth.

downloaded from the web with little control over the imagingconditions. Fig-

ure 4.9 shows the albedo and pose estimates obtained.

4.4 Summary and Discussion

In this chapter, we have proposed an approach for simultane® estimation of
albedo and 3D head pose from a single image. In all our expeeimts, we used
OpenCV's Haar-based detectors to automatically detect fas and eyes for initial
localization. Compared to most state-of-the-art approaas [104], the proposed
approach does not require manually marked landmarks and isropletely auto-
matic. In addition, the method does not impose any linear statical constraint
on the unknown albedo and the statistical albedo model is u$s@nly for regular-
ization. Currently, we do not estimate 3D shape of the inputédce image that will
be part of our future research. The proposed algorithm worksell for a wide range
of poses (around 300n either side for a total range of around 6(. Starting with

a di erent canonical pose, the method can easily be extendddr more extreme
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Figure 4.9: Row 1: A few images downloaded form the web; Row Zstimated 3D head
pose; Row 3: Estimated albedo map.

poses. Multiple illumination sources can easily be incorpaied in the proposed

formulation as in the previous chapter.

Appendix

Expression for the various terms: Assuming P, is the 3D face point corre-
sponding to the pixeli;j in the initial pose, the expressions foA and B in (4.15)
are given by

A=JpMP, fp; B= JpM (4.22)

The subscripti;j has been omitted for clarity. Here,

1
M =1 —un}
T P1

ng.u

where | is the identity matrix and u is the unit vector in the direction joining

the optical center of the camera to the surface poir®; corresponding to the pixel
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(i;J ). The skew symmetric matrix of a vector

0 1 0 1
X1 0 X3  Xo

X = %Xz § ; IS X\ = % X3 0 X1 §
X3 Xo X1 0

The expressions foC and D in (4.20) are given by
C = le F,)\l, D = le

The subscripti;j has been omitted for clarity. For derivations of these expssions,
readers are referred to [136].
Derivation of LMMSE albedo estimate: Here we compute the Linear Min-

imum Mean Squared Error (LMMSE) albedo estimate which is gen by [105]

SI=E()+C C E()) (4.23)

Here C s the cross-covariance matrix of and . E( ) and C are the ensemble
mean and covariance matrix of respectively. The LMMSE lter requires the
second order statistics of the signal and noise.

The expression for the signal-dependent noise;; can be rewritten as follows

(n nig) s+ny (s s)

ni s

iij

wi; = ' (4.24)

Assuming the initial values of surface normal and light soge direction to be
unbiased, bothE(w) and E(wj ) are zero. Since nois& is zero-meank( ;) =
hi;j E( i )

So, C can be written as

C = E[( E() E()N']
= CHT+E[( E()w'"] (4.25)
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4.4 Summary and Discussion
Similarly, if C,, is the covariance of the noise term, Ccan be written as

C E( E()C  E( )]
HCHT+C,+HE[( E()w']

Ew( E()THT (4.26)

+

Recalling that E(w) and E(wj )are zero,E (  E( ))w' =0. This simpli es
(4.25) and (4.26) as follows

C =CHT" and C =HCHT+C,, (4.27)

whereH is the matrix containing h;; 's for the entire image as its diagonal entries

and C, is the covariance of the noise term.

Here, we assume a Non-stationary Mean Non-stationary Variae (NMNV)
model for the original signal. Under the NMNV assumption, Cis a (non-
constant) diagonal matrix. As C and H are both diagonal, C is diagonal.
Since C is diagonal, G, and thus C are also diagonal. Therefore, the LMMSE
Itered output (4.23) simplies to the following scalar (point) processor of the
form

S ECy)* oy ECy)
|21 ( )hi;j
a (Ohg + 5 w)

where, i = (4.28)
where ,21 ( )and ,21 (w) are the non-stationary signal and noise variances respec-
tively. SinceE( ;)= hi E( ), (4.28) can be written as

=@ hy H)E ot

i (4.29)

i
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So the LMMSE albedo estimate is the weighted sum of the enselmbmeanE( )

and the observation , where the weight depends on the ratio of signal variance

to the noise variance.

Noise Variance: The expression for the signal-dependent noise;; is given by
(N Nnj) s+ny (s s)

wi; = , ' (4.30)
ni s

Assuming the errors in surface normal(;; n;; ) and the light source direction
(s s)tobe uncorrelated in thex, y and z directions and their variances are same,

the expression for the noise variance can be shown to be

Zw)= Zwy)+ f(wy) (4.31)
where, |
s.2+s2+s2
Zwy= F(n) XXX g 2 (4.32)
ni s)
and !
n, °+ n, °+ n, *
Gwa)= Xs) — - E ? (4.33)
(ni; s)

Here FJ (n) and ?(s) are the error variances in each direction of the surface
normal and light source direction respectively.fs,;sy,;s,g and fn, ;n,;n, g are
the three components of the illuminant direction and initid surface normal re-
spectively. Bx;sy;s.] and [n, ;n,;n, ] being unit vectors, the expression for the

noise variance can further be simpli ed as follows

Z(n)+ (s
i (n) 2()E 2

7 (4.34)
it s)

L(w) =
(n
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Chapter 5
Face Recognition across Aging

Face recognition is one of the most successful applicatiasfslecades of research on
image analysis and understanding [144]. Research in thigarhas traditionally fo-
cused on analyzing and modeling changes in facial appearamiie to variations in
illumination conditions, facial pose, expressions, etc. tler than these commonly
occurring variations, aging is another phenomenon that a@s facial appearance
signi cantly. Though e ects of aging on facial appearance &ve been studied for a
long time, it is only recently that e orts have been made to reognize faces across
age progression. Automatic matching of faces as people aggarticularly useful
for tasks like passport/visa renewal where authorities ndeo verify if the old and
new photographs belong to the same person. Unlike other \aties like illumi-
nation conditions and viewpoint, there is no simple geometr/statistical model
to analyze appearance changes due to aging. Changes in faa@pearance due
to aging typically depend on quite a few factors like race, ggraphical location,
eating habits, stress level, etc., that makes the problem afatching faces across
aging extremely di cult.

Most existing works [59,23,135,126,63,64,100,108,1071401] on facial aging
focus primarily on modeling and simulating aging e ects ontman face and report
impressive simulation results. Given the in nite di erent ways in which a person
can age depending on his/her surroundings, habits, etc., i di cult to predict
how a person will appear at a di erent age. Also, simulatingace images at target
age assumes that both the base and target age are known or can dstimated
which by itself is a di cult problem. But in spite of this larg e variability, humans

are quite good at matching faces across age progression. sThiay mean that
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Chapter 5. Face Recognition across Aging

irrespective of the exact manner in which a person ages, tees a certain pattern
in the way facial appearance changes with age.

Here, we propose an alternate approach for matching age-aggted faces by
analyzing whether the changes in shape and appearance caratigbuted to aging
e ects. Facial aging e ects manifest in the form of wrinklesskin texture variation
and facial shape change in addition to other intangibles. Threlative e ects of
these factors typically depend on the age being consideré0]. Shape variations
are more pronounced in children, while most facial aging ecés in adults can be
attributed to 1) wrinkles, 2) skin texture variations, and 3 drift of facial features
due to subtle shape variation or sagging of underlying mugs.

First we show that if the two images belong to the same subjedhe drift in
features seems to follow a coherent pattern which is usualhot the case if the
images belong to di erent subjects. Unlike feature drift, &xtural variations cannot
be modeled directly from face images due to di erences inuthination conditions
across images. To capture textural variations, we use ratiof albedo maps of
the input images. Given two images of the same person, such &io captures
the change in appearance due to wrinkles and other skin textivariations which
follows a coherent pattern. The ratio is characterized usgnlocal histograms of
LBP based features [92]. Using this LBP based histogram reggentation, we use
the following two approaches to perform veri cation: 1) tran a Support Vector
Machine (SVM) to separate genuine and impostor image pairgnd 2) kernel
density estimation approach [31] to learn the probability dnsity function (pdf) of
the aging functions. lllustrations and experimental evalation show the e cacy
of such the proposed features for matching faces across agegpession.

The rest of chapter is organized as follows: The followingd®n discusses a
few related works from the literature. Section 5.2 gives theotivation for the
work using drifts in facial features. Details of textural aalysis are described
in Section 5.3. Results of experiments performed to evalgathe e cacy of the

approach are shown in Section 5.4. The chapter concludes hwa discussion.
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5.1 Related work

Facial aging has been an area of interest for decades [9681780], but it is only
recently that e orts have been made to address problems likiege estimation, age
transformation, etc. from a computational point of view [5923, 135, 126, 63, 64,
100,108,117,40,101]. Burt and Perrett [23] investigatesuial cues to age using
facial composites that blend facial shape and color from ntigle faces. Kwon and
Lobo [59] classify input images as babies, young adults arehgr adults based on
cranio-facial development and skin wrinkle analysis. Wet al. [135] describe a skin
deformation model to simulate face wrinkles using an elastprocess assembled
with visco and plastic units. Tiddemanet al. [126] present a wavelet-based method
for prototyping and transforming facial features to increae the perceived age of the
input images. Lanitiset al. [64] use PCA-based transformation models to explain
the e ects of aging on facial appearance. The proposed sttical model is used
for tasks like 1) age estimation from new face images, 2) silating aging e ects,
and 3) face recognition across age variations. A similar PCased statistical face
transformation model is used in [63] to obtain a compact panaetric representation
of an input face image for the task of automatic age estimatio Di erent classi ers
are designed and compared that predict age given the paramietdescription of

the input image.

In [100], Ramanathan and Chellappa study the e ect of age pgvession on
facial similarity between a pair of images of the same inddual. A Bayesian age
di erence classi er is proposed to classify images based age di erences and per-
form face veri cation across age progression. In [101], fh@ropose a craniofacial
growth model to characterize growth related facial shape kiations in children.
This model makes use of anthropometric evidences to pred&ppearance across
years and to perform face recognition using the synthesizechages. Genget
al. [40] propose a subspace based approach for automatic agemesion. Given

a previously unseen image, its aging pattern is determined Iprojecting it onto a
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subspace obtained using training data consisting of seveteme-separated images
of individuals. Suoet al. [117] simulate aging e ects using a dynamic Markov
process on a multi-layer AND-OR graph integrating the e ecs of global appear-
ance changes in hair style and shape, deformation and agingas of di erent
facial components, and wrinkle appearance. In [108], Scaet et al. propose
linear and piecewise models that rely on average developrtedrirends, to predict
aging e ects on human faces. In a recent paper, Lingt al. [75] use gradient ori-
entation pyramid in a Support Vector Machine (SVM) based frenework to verify
images across age progression.

Most existing works address the problem of face veri catiomacross age pro-
gression from a simulation point of view (other than [75]). @&en the di culty
of simulating e ects of di erent factors that can a ect the way a person ages, an
alternative is to analyze if the di erence in two input image can be attributed
to aging. In contrast, we propose an approach to perform faseri cation across

age progression based on the coherency of textural variation the input images.

5.2 Motivation from Feature drifts

Aging brings about a wide variety of changes in the appearam®f human faces.
While for children, these changes are mainly manifested ié shape, textural
variations are more prominent in adults faces [80]. Thoughhe overall shape does
not change signi cantly for adults, there is subtle drift in facial features due to
various factors like muscle sagging, weight gain or losscetThe features do not
drift independent of each other. Depending on the underlyqnshape and muscle
structure of the individual, there is some coherency amongese drifts. Figure 5.1
illustrates such coherency in feature drifts for a few imagdrom the FGnet aging
database [1]. The drift maps shown in Figure 5.1 are obtainatirectly using the
manually marked feature points available in the dataset. Foimages of di erent

subjects, due to di erent shape and muscle structure, the &ure drifts computed
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this way may not be coherent (Figure 5.1). Now, we try to captxe this coherency

in the facial feature drifts.

Y b o &

M
* “o.
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Figure 5.1: Drifts in facial features for a few age-separaté face images from the FGnet
aging database. The drifts across images of same individuslappear coherent (top
two rows) while they are somewhat incoherent (third row) when the images belong to
di erent individuals. (Best viewed in color)

We de ne a measure of incoherency between two feature drifés

(5.1)

Herek a; a; k is the magnitude of the vector di erence between the two fea-
ture drifts a; and a; while r; is the distance between the corresponding feature
locations. The drift incoherency is inversely proportionao the distance between
the two feature locations in consideration. This follows kely from the fact that

neighboring drifts resulting from the sagging of the same dalerlying muscle will
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be coherent. In addition, this allows for far-o regions of he face with di erent
underlying muscles to drift relatively independent of eaclother, without adding
to the incoherency of the drift map. The combined potential mergy of the drift
map characterized byK feature drifts is given by
XX
Ciocal = Ui (5.2)

i=1 j=i+1
5.3 Textural variations with aging

In this section, we focus on the changes in facial appearandaee to textural

variations. The surface normals, albedo and the intensitymiage are related by
an image formation model. We assume Lambertian re ectance adel for the
facial surface. For such objects, the di used component ohé surface re ection
is modeled using thd.ambert's Cosine Lawgiven by

lij = 4 max(nj; s;0) (5.3)

wherel j; is the pixel intensity, s is the light source direction is the surface

v
albedo andnj; is the surface normal of the corresponding surface point. #ddo is
an illumination-insensitive characteristic of a surfacehat represents the fraction
of light that a surface point re ects when it is illuminated. The max function
accounts for the formation of attached shadows. Taking logéhm on both sides

and rearranging the terms, we obtain
log(l i) =log( ;) +log(n{; s) (5.4)

Here, we omit the explicit max operator by considering onlyan-zero pixels in the
input image. Due to the di erence in illumination conditions across images, the
variation in texture cannot be analyzed using the input imags directly. Instead,

one needs to model skin texture variation across aging usiatbedo maps derived
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from the input images. If the surface normal and illuminant dection are known,
one can obtain the albedo map easily from (5.4).

Similar to the feature drift analysis, given albedo maps cogsponding to the
two input images, we need a way to identify if the change can laescribed to aging
e ects or not. Let us assume that albedo maps of an individuadt di erent ages
are related as follows

(t2) = £ ( (tw) (5.5)

wheref denotes the aging function that maps albedo at base ageto the target
aget,. In reality, such an aging function can be very complicated epending
on innumerable factors like individual living conditions,stress-level, habits, etc.
that a ect how skin texture varies with age. Learning such adnction in its true
generality is not easy in practice. Here we model the variatns in albedo due to
aging using a linear function as follows

i (t2) = fy5 () 45 (tw) (5.6)

In this form, the aging function depends only on the age di e¥nce between the two
images. Such a model has also been suggested by leghgl. [75] and Hussein [52].
Considering the problem of face matching across age sepé@at if the two images
are of the same individual, but possibly di erent illuminaton conditions, then we
have

log( i;j) log( it (t2)) log( it (t1))

log(f i; (t2;t1)) (5.7)

In other words, the di erence between these logarithm-trasformed albedo maps
depends only on the aging function if the two albedo maps belg to the same
individual. When input images are from di erent individuals, the term log( )

depends not only on the aging function, but also on the idenyi of the individuals.
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Using this formulation, if we can learn a generic aging funicin, given a pair of
images, we can verify if the corresponding log() term can be attributed to
textural aging or not.

Most real age-separated images contain variabilities due tli erences in pose,
expression, image noise, etc. in addition to aging e ects. herefore, we rst
illustrate the intuition behind the proposed formulation using a few synthetically
aged/de-aged images downloaded from the web. Figure 5.2 wiothe original
images, albedo maps and the corresponding log() terms for two such pairs
of age-separated images. In most practical scenarios, aeta estimates of shape
and illuminant direction are not available, making the albéo map computed using
(5.4) erroneous. Here, we use the non-stationary stochastitering framework
proposed in Chapter 3 to obtain a more accurate albedo map frathe input image.
The approach utilizes the statistics of errors in erroneoushape and illuminant
information to re ne the initial albedo map. As desired in ouw application, the
estimated albedo maps and the corresponding textural agingap are able to

capture the aging e ects like appearance of wrinkles, skimlfls, etc.

Figure 5.2: Textural variations: (a) Young image; (b) Old im age; (c) Albedo of image
in (a); (d) Albedo of image in (b); (e) log( ).

Figure 5.3 shows the albedo maps and the corresponding agmgps for a

couple of age-separated image pairs from the FGnet datas€ne can observe that
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these maps preserve the textural variations due to aging. Buo other variations
and subtle mis-alignments, wrinkles, skin folds, etc. areohas prominent in these

maps as they are in Figure 5.2 with synthetic examples.

Figure 5.3: Textural variations: (a) Young image; (b) Old im age; (c) Albedo of image
in (a); (d) Albedo of image in (b); (e) log( ).

5.3.1 Computation of textural coherency

Given log( ) obtained from the input images, one needs to verify if thisan be
attributed to aging. It is worthwhile to note that quite a few changes in facial skin
due to aging, like appearance of wrinkles follow a coherergifpern determined by
the underlying muscle structure. For example, contractiowf the frontalis muscle
that runs vertically on the forehead causes the formation diorizontal wrinkles
on the forehead. If the input images belong to the same subjedog( ) being
an aging function should have this coherency. In this work, avcharacterize this
coherency using local binary pattern (LBP) based texture #dures [92, 5].

The LBP operator is known to be a powerful descriptor for texires. Given
an input image, the operator assigns a label to each pixel lEkon its intensity
value relative to its neighborhood. The label is the binarytsng obtained by

thresholding the neighborhood of each pixel using the centgalue. The oper-
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Figure 5.4: A schematic of the proposed approach for face viecation across age pro-
gression.

ator is invariant to monotonic gray level changes and has pved to be highly
discriminative [92,5]. Given log( ), we rst compute 8 bit binary label for each
pixel using a 3x3 neighborhood. We further compute regionise histograms of
LBP labels by dividing the log( ) map in 9 regions arranged in a regular square
grid. Such region-wise histogram approach has the capatyilto characterize local

variations without being overly sensitive to alignment erors.

Due to the vast variations in aging patterns, it may not be paosible to use such
representation directly to verify if the two input images ae age separated images
of the same person or not. So using this LBP based histogrampresentation,
we use the following two approaches to perform veri cationl) train a Support
Vector Machine (SVM) to separate genuine and impostor imaggairs, and 2)
kernel density estimation approach [31] to learn the probadlily density function

(pdf) of the aging functions.
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5.4 Experimental evaluation

Figure 5.4 shows a schematic of the proposed non-generatagproach for face
veri cation across age progression. In this section, we duate our approach for
matching age-separated facial images and analyze the résubtained. Here, we
focus primarily on aging e ects in adults. For this purposewe use a part of a pri-
vate Passport dataset which consists of age-separated gagf adult face images.
In our experiments, we use 700 genuine pairs of age separdtedges with average
age separation of slightly over 9 years. Figure 5.5 providése distribution of age
separation for these image pairs. 4200 randomly chosen inspmy pairs are used
in the veri cation experiments. For the proposed textural oherency, we perform
two-fold cross-validation on the available match and non-atch image pairs. Av-
erage performance of the two folds is considered as the vedtion performance.
As the proposed feature drift coherency does not involve amsaining, we use the

entire set of match and non-match pairs for testing.

150 Number of image pairs = 350
Mean age = 54.13

Mean age difference = 9.35
Number of male pairs = 226
Number of female pairs = 124

Number of image pairs

2 4 6 14 16 18 20

] 10 12
Age difference (years)

Figure 5.5: Distribution of age di erence between the pairsof images used in the ex-
perimental evaluation.

Feature Drift Coherency: To compute feature drift coherency, we need to
locate the facial features reliably to obtain the drift maps In our implementation,
we use Active Appearance Models (AAM) [27] to detect the faali landmarks.
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Figure 5.6: Facial landmarks as located automatically usig the trained AAM-based
face model. The detected landmarks are used to compute feate-drift incoherency.

First a face model is trained using 20 images with manually mieed landmark

points which is then used to locate features for the remairgnimages used in the
veri cation experiment. Figure 5.6 shows the facial featuw locations detected on
a few examples images using the trained face model. Given flagial landmarks,

the overall incoherency of the drifts is measured using (5.2Figure 5.7 shows the
Receiver Operator Characteristic (ROC) curve obtained usg this incoherency
measure as the distance between the input pair of images. Thét compares

correct rejection rate against correct acceptance rate. €hcorrect rejection rate
is the fraction of correctly rejected impostor pairs while ie correct acceptance
rate is the fraction of correctly accepted genuine pairs. &lly, one would want
to have both these quantities close to one simultaneously. sAdesired, despite
being extremely simple (the incoherency measure dependsafew corresponding
points), the proposed measure is able to reasonably sepa&ahe genuine pairs

from impostors.

Textural Coherency:  Given a pair of input images for veri cation, texture
analysis involves estimation of their respective albedo ma followed by compu-
tation of LBP-based histograms as described in Section (3.3Given the LBP
signatures, veri cation is performed by training a SVM clasi er with Radial Ba-
sis Function (RBF) kernel to separate genuine and impostordasses. Figure 5.7

shows the veri cation performance using this feature. Theatresponding distrib-
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utions of match and non-match scores are shown in Figure 5.8.
Comparison with other Approaches: To evaluate the performance of the
proposed approaches, we compare their performance with twaethods that have

recently been used for matching age-separated face imagés:[

1. SVM+GORP [75]:  Gradient orientation pyramid feature with SVM as clas-

sier, and
2. SVM+di [94]: Di erences of normalized images with SVM as classi er.

The images are rst aligned with the help of the eye locationand then cropped
using an elliptic region as in [75]. The images are resized & 70 for e -
cient computation and subsequent training using SVM claser. For SVM+GOP
implementation, we use 3 pyramid layers and a Gaussian ketngith standard
deviation of 5 as used in [75]. For SVM+di implementation, each image is
rst normalized to have zero mean and unit variance before agputing the image
di erence. SVM classi er with RBF kernel is used for both these methods. The
performance obtained using the two methods on the Passporatéset is shown in
Figure 5.7. We use the same classi er for all methods to be altb better evaluate
the usefulness of the proposed feature for capturing the texal variations with
aging. The proposed approach performs better than the othéewo methods which
is also evident from the EER values in Table 5.1. Note that th@erformance of
SVM+GOP and SVM+di is di erent from the one reported in [75] . As the im-
plementation of the two approaches is quite straight-forwa and we use the same
parameters as suggested in [75], the di erence may be due teetdi erence in the
dataset used. Also among the proposed methods, the textunaleasure performs
better than its feature drift counterpart.

We also evaluate the usefulness of the proposed textural esbncy feature
using kernel density estimation to learn the probability dasity function (pdf)
of the aging function using the training match pairs. The sinfarity score of

two novel test images is given by the likelihood that the LBRsased histograms
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Figure 5.7: Verication performance obtained using the proposed feature drift and
texture coherency measure. The performance is compared tdat obtained by gradient
orientation pyramid [75] and image di erence [94] featuresand SVM as the classi er.

come from the learnt pdfs (one for each image region). We olbaslightly better
performance than the one obtained using SVM. This indicatabat the proposed
feature does well in capturing the di erent variations due ¢ aging and provides

a useful measure for matching age-separated face images.

Table 5.1: Comparison of the Equal Error Rates (EER) obtained using the proposed
measures.

SVM+di SVM+GOP | Feature Texture Texture
Drifts | (full image) | (9 parts)
2824% 25:00% 27:34% 20:99% 17:13%

5.4.1 E ect of age separation on matching performance

One of the main factors that may a ect the performance of matiing faces across
age-progression is the age separation between the imagesergfore, it is im-

perative to analyze how the performance of the proposed apach varies across
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Figure 5.8: Genuine and impostor score distributions obtaned using the textural analy-
sis for matching age-separated face images.

di erent age-separations. Since we use a Passport datas#te age gaps of the
images is mainly concentrated around 9 10 years (thats when people visit pass-
port o ce for renewal, the very problem we are interested in)with the minimum
age gap being 5 years as shown in Figure 5.5. In our analysi divide the
intra-personal image pairs in the dataset into three groupbased on their age
gaps: 1) Age gap from 5 7 years consisting of 70 matching image pairs, 2) from
7 9 years having 240 matching pairs and 3) greater then 9 yearsving 600
matching pairs. For each group, all the available intra-pesonal image pairs and
a large number (around 6-times the number of intra-person&br each age group)
of randomly chosen inter-personal image pairs are taken dsettesting set. The
training set is the same as used in the previous experiment.ERs are used as
the criterion to evaluate the performance. Table 5.2 showsé performance of the
proposed approach for the di erent age groups. We see thate¢hperformance is
more-or-less consistent for all the tested age groups. Suahobservation has also

been reported by [75]. Linget al. report that the di culty of matching images
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across age separation saturates for age gaps larger thanrfgears.

Table 5.2: Comparison of the Equal Error Rates (EER) obtained for dierent age
separations on the Passport dataset.

5 7years| 7 9years| > 9 years
17:04% 1578% 1856%

5.5 Discussion and future work

The aging pattern of an individual depends on a variety of dierent factors that
are di cult to model in a computational framework. This makes it extremely dif-
cult to predict the exact appearance of a person as he/she ag. In spite of the
large variability, humans are quite good at matching facesceoss age progression.
This may mean that irrespective of the exact manner in which @erson ages,
there is a coherency in the way facial appearance changeshngtge. This moti-
vates us to capture and utilize this coherency to recognizege-separated faces.
Speci cally, we analyze the coherency of the drifts in the vaus facial features
and texture variations to verify whether two age-separate@dmages belong to the
same individual or not.

Experimental evaluation presented verify the e ectivenesof such a non-generative
approach even with simple measures of capturing cohereneyaging. Since the
drifts of features depends on the underlying facial musclérscture, this infor-
mation may be used to obtain a better measure of drift coheren For textural
variation, we model variations in facial albedo using a sini linear relation. A
more physically driven model of the aging function may be btr suited to capture
the textural variations that takes place as a person ages.
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Chapter 6
Specularity Removal

Lambertian re ectance for the imaged scenes/objects hasé&®commonly assumed
in a variety of computer vision algorithms, such as shape r@gstruction, image

matching, motion detection, as well as photometric and muklview stereo. How-

ever, most real world surfaces exhibit a combination of di se and specular com-
ponents [111] making this assumption very restrictive in pictice. Automatic sep-

aration of these components would enable these algorithms be readily applied

to a much wider class of non-Lambertian objects. Though theadiest research on
re ection component separation using a single image dateadk to mid 80's [111],

the challenges involved in achieving this automatically ahrobustly on real images
continue to interest researchers.

Most early approaches require explicit color segmentatioto handle multi-
colored surfaces [111] [57] [12]. Not only is automatic cokegmentation a research
challenge in itself in the presence of specular highlights,is extremely di cult to
perform such a task even manually for complex scenes. A fewveent algorithms
overcome this limitation by relying on local interactions b pixels [78] [121] to re-
move specularity in complex textured scenes. While these theds do not require
explicit color segmentation, they often involve detectiorof color boundaries in
the input image [121] which might lead to unwanted artifact@around the detected
boundaries. Most specularity removal approaches rely ondhpresence of one or
more di use pixels of same surface color. The local-interégan based methods
cannot take advantage of useful information present elseette in the image. In
the absence of di use pixels in one part of the image, the infmation of the di use

pixels present in other non-contiguous parts of the image waot be utilized for
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specularity removal. Also, most approaches for re ectionoenponent separation
assume that the illumination source color is knowm priori or can be estimated
accurately. Errors in the illumination color estimation led to errors in the recov-
ered diuse and specular components. To the best of our knasdge, not much
e ort has gone into analyzing these errors so far.

Here, we propose a global approach which e ectively charactzes the errors
in the illumination color estimation to robustly estimate d use and specular re-
ection components in complex textured scenes. For dichraatic surfaces, pixels
with the same underlying surface color lie on a plane whichsal contains the il-
lumination source color vector [111]. Error in illuminatia color information may
disturb this co-planarity leading to erroneous separatiomf di use and specular
components. The analysis we present here shows how errorgha illumination
color can lead to spatially varying uncertainty (in RGB colo space) for determin-
ing which pixels lie on the same dichromatic plane. The erra@nalysis results in
a very simple, e ective and robust algorithm which requiregust a single parse of
the image pixels to separate the di use and specular compars. The proposed
approach o ers the following advantages:

Statistics of errors in the illumination color estimate is ectively utilized for

robust recovery of the di use and specular re ection compamts.

The presented error analysis is very general and may be useidlvany existing

algorithm to make them robust to errors in the illumination @lor estimate.

The method is non-iterative and does not require explicit dor segmentation

or color boundary detection and thus can handle very compéted textures.

In addition, we propose a 4D Hough transform based algorithno automati-
cally estimate the illumination source color from a singleator image. Unlike the
state-of-the-art approaches for illumination color estimtion for textured dichro-
matic surfaces [123] [127], the proposed approach does nepeind on a candidate
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6.1 Dichromatic Reflectance Model

list of illumination colors or require detection of speculahighlights. In our ap-
proach, the illumination color is estimated directly by inegrating evidences from
image pixels. Results on complex textured surfaces show theefulness of the

proposed algorithms.

6.0.1 Organization of the chapter

The rest of the chapter is organized as follows. Section 6.1idy describes the
Dichromatic Re ectance Model. The proposed approach forliimination color
estimation is detailed in Section 6.2. Section 6.3 presertse error analysis along
with the proposed algorithm to separate the re ection compents. Results of
experimental evaluation are presented in Section 6.4. Skixt 6.5 concludes the

chapter with a brief summary.

6.1 Dichromatic Re ectance Model

According to the dichromatic re ectance model [111], the Biirectional Re ectance
Distribution Function (BRDF) of the surface is a linear combnation of two com-
ponents: the interface (specular) re ectance and the bodyd{use) re ectance.
Using this model, the image formation equation (for the R channel) for a point

x = fx;yg with normal A can be written as
l(X) = ma(X) «(X)+ ms(x) « Nt 8 (6.1)

where$ is the light source direction and functionang(x) and mg(x) are the dif-
fuse and specular BRDFs, respectively. ( represents the e ective illumination
source strength for the K channel and | is the e ective albedo in that channel.
Combining the three color channels as measured using a tygicamera, we obtain

1(x) = mqg(x) (x)+ ms(x) (6.2)

87



Chapter 6. Specularity Removal

wheremg(x) = mg(X)(1t 8), ms(x) = ms(x)( 8), I =[I;lg;l], =[5 g5 bl
and =[ ; g b].- Without loss of generality, we assum& k= k k=1 as

scale can be taken care of imgy(x) and mg(x).

6.2 Illlumination Color Estimation

For a dichromatic surface, any pixel (x) is formed by the linear combination of
the two vectors (6.2): the surface color of that pixel denotkby (x) and the
illumination color of the image denoted by with mg(x) and mg(x) being the
combining coe cients. In other words, all pixels with the sane surface color
lie on a plane (known as the dichromatic plane) formed by and

In this section, we describe the proposed algorithm to estate the illumination
source color from a single image consisting of dichromatiarkace(s). Assuming
that the image is illuminated by a single light source, the ibmination color
is same throughout the image. Dierent dichromatic planes arresponding to
di erent surface colors in the image form a pencil of planea ithe RGB color space
(Figure 6.1(c)). The axis of the pencil is the unknown we aim to estimate. Here
we propose a Hough transform based approach for illuminatiacolor estimation
that does not require explicit color segmentation. We rst lie y describe the
basics of Hough transform for ease of understanding.

The classical Hough transform is used to detect straight les in 2D from a
given point set. The main idea is to gather evidence for eaclraght line by
mapping the points from the image space to a parameter spacghis is done by
rst representing the unknown straight lines in terms of thé parameters (e.g.,
slope and intercept) instead of X;y) co-ordinates. Each input point ;;y;) then
votes in the chosen parameter space for all lines that can otially pass through
it. If there exists a set of collinear points in the input spae, they all vote for
the corresponding line, resulting in a peak in the parametespace. Hence, lines

in the input space are detected based on the location of peailksthe parameter
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6.2 lllumination Color Estimation

Figure 6.1: (a) Vector diagram for dichromatic surfaces; (i Input color image; (c) The
sheaf of planes formed by three dominant surface colors in thimage; (d) The histograms
of normals for the correct illumination color.

space. Here we use a modi ed form of the Hough transform to ke the axis of
the pencil directly without requiring to rst detect the di erent planes separately.
The proposed method does not require any candidate list ofumination colors

or detection of specular highlights.

Suppose the input image is composed oK di erent surface colors (unknown)
denoted byf 1; »;:::; kgand denotes the unknown illumination color. Each
surface color ; forms a distinct plane which is characterized by its normalector
n;, given by

ny= ; i12f1,2:::;Kg (6.3)

Here we consider a 4D voting space consisting of parametehamcterizing the
unknown illumination color vector and these normals. Bothllumination color
vector and normals to the planes are represented using theilevation and azimuth
(f ; gandf ,; g respectively). being a color in the RGB space, ,
00 4 0 5p 0,500 : 90. On the other hand, the range for the
parameters for the normalsis0 , 180 and O n 360.

Following a Hough transform based approach, a color vectofx) with surface
color ; votes for all the planes that can pass through it and the corsponding
illumination color vectors. Note that among all the planeshat pass throughl (x),

there is one and only one plane that passes through the vect@presenting the
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true unknown  which is given by
1(x) = mg(x) i+ ms(x) = mg(x)h; (6.4)

Quite clearly, all pixels with surface color ; will form the same plane (with nor-
mal f;) with the true , thereby resulting in a peak atf ; ; ; n,ginthe 4D
parameter space. Similarly, pixels corresponding to otheurface colors ;;8j 2

f1,2;:::;Kg;] 6 i formrespective peaks atthe locations ; ; ; n 0. There-
fore, the voting in 4D parameter space results iK peaks for the correcf ; ¢

pair, one corresponding to each of th& dichromatic planes as illustrated in
Figure 6.1(d).

Given an input color image, the number of dichromatic planeforming the
pencil and their orientation in the RGB space is not known. Threfore, the un-
known illumination color cannot be determined by locating ; g which forms
peaks corresponding to each of the surface colors in the ireaglf the voting
space is appropriately thresholded and marginalized ovend two dimensions cor-
responding to normals to the pland ,; ,g, the true illumination color f ; ¢
should get the highest number of votes assuming the surfadaghe image follow

the dichromatic model strictly.

For real data, due to factors like camera noise and deviatisrfrom the model,
all pixels of one surface color do not always form a nice plawéth the true
illumination color vector. Also, if there are very few pixed of a certain surface
color in the image, the peak formed even at the correct illumation color is
very small. This makes automatic selection of the thresholduite di cult. In
our implementation, we use the sum of the two highest peaks #dse measure
for determining the correct illumination color vector. We nd this measure to
be quite robust for real data as illustrated in our experimdal evaluation. This
kind of measure implicitly assumes that the image has at letasvo surface colors

containing signi cant number of pixels.
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6.2 lllumination Color Estimation

6.2.1 lllumination color estimation for surfaces with sing le surface

color

The approach for estimating the illumination source color ggsented here assumes
that the image hasK 2 di erent surface colors. For a uniformly colored surface,
all pixels lie on the same plane de ned by the correspondingidace color and
the illumination color . Therefore, the correctf ; g will have just one peak
corresponding to this plane in the 4D parameter space. Thisepk also exists
for other prospectivef ; g lying in the same dichromatic plane, making it
impossible to identify the correct illumination color.

Uniformly colored surfaces can be identi ed beforehand byevifying if a plane
can be tthrough the input color pixels in the RGB space. In ouimplementation,
we use Eigen-analysis for this purpose. To estimate the ithination color for such
images, we rst transform the input color vectors in the 3D R® space to the local
co-ordinate system of the dichromatic plane. Since(x) is constant throughout
the image, dierent pixels dier only due to the combining ca cients mgy(x)
and mg(x). Interestingly, if there exists a set of pixels with samengy(x), the
corresponding points will form a straight line on the dichrmatic plane as shown
in Figure 6.2. If there are considerable number of pixels faach my value in
the image, they form a collection of straight lines with di @ent intercepts on
the -axis but slope same as that of the illumination color vecto(Figure 6.2).
These lines can easily be detected using the classical 2D Houransform by
transforming the points on the dichromatic plane to the slog-intercept parameter
space. This results in several peaks (one for eanhy(x) value) for the slope
corresponding to the illumination vector. This can be detded using appropriate

thresholding and marginalization of the 2D voting space ofiercept and slope.

The value ofmy depends on the di use albedo of the pixel, the intensity of th
incident light, and the angle between the lighting directio and the surface normal.

So, in general the value ofy is di erent for di erent pixels in the image. Often
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Figure 6.2: lllumination color estimation for uniformly co lored surfaces; (a) A sketch
illustrating the underlying intuition; (b) Example image; (c) Color vectors in the local
co-ordinate system of the dichromatic plane; (d) The threstolded and marginalized
votes in the 2D Hough space.

for neighboring pixels, the variation ofmg is small and so it can be approximated
as constant. This is a reasonable assumption for ordinarygilial cameras because

of their accuracy limitation.

6.3 Separation of Re ection Components

Most of the existing methods for re ectance components sefaion assume ac-
curate knowledge of illumination color which is a restrictie assumption. But
in most practical cases, the illumination color is not knowra priori and it has
to be estimated which introduces errors in the illuminationcolor estimate. In
this section, we propose an approach for separation of the udie and specular

components which takes into account errors in the illuminan color estimate.

6.3.1 Analysis of Errors in lllumination Color

For a dichromatic surface, any pixel (x) is formed by the linear combination of
the two vectors (6.2): the surface color of that pixel denoteby (x) and the

illumination color of the image denoted by with mg(x) and mg(x) being the
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6.3 Separation of Reflection Components

combining coe cients. In other words, all pixels with the sane surface color
lie on a plane (known as the dichromatic plane) formed by and . Hence, for

any two pixels|(x;) and I (x;) of the same surface color,
) foa) =0 (6.5)

wheref(x;) is the normalized color vector. The operatorsand denote the vector
dot and cross product respectively. Equation (6.5) assumésat the illumination

color is accurately known. We now analyze how errors in a ect this relation.

Let the estimated illumination color be denoted as ®. Note that the left
hand side of (6.5) essentially represents the perpendiculdistance of color vector
I (x;) from the plane formed byf(x;) and . Using the erroneous estimate ®t of

the illumination color, this distance (say,d) can be written as
d=10qg) o) == ) Tx) (6.6)

Expressing the estimated illumination color in terms of itdrue value and an error

term, we get
d=  + " 1(x) fx) (6.7)
Since the two color vectors lie in the same plane as the true kmown illumination
color, 1(x;) f(xi) =0. Therefore, the expression fod simpli es to
d= °" 1(x)) f(xi) = " sin()k [(x;) knh (6.8)

where is the angle between the two vectors an@ = [, fg, Np] is the unit
normal to the plane formed by them. One can express the errar illumination
color in terms of its components along the three color chanise Assuming that the
error in illumination color is unbiased along the three chamels, we havee( ") =

E( §')= E( §")=0. Thus from (6.8), the expected value of the perpendicuta
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distance is zero, i.e.E(d) = 0. The expression for the variance 2(d) is given by

Z(d) = K2E (rarrnr+ Srrng+ ﬁ"l"lb 2 (69)
where, K =sin( ) kI(xj) k

Assuming that the error in illumination color estimate is urtorrelated in the three
color channels and the variances are same i.&( {")*= E( £")?= E( §")*=

2, the expression for the variance ?(d) simpli es to
2(dy= K22 A2+ A2+ N5 = K?? (6.10)

sincen = [, Ay, Mp] is a unit normal vector. Appropriately, the variance ?(d)
is proportional to the error variance of illumination colorvector and k 1(x;) k2.
Interestingly, the variance is also proportional to sif( ) where is the angle
between the two considered color vectors.

We investigate the validity of such a relation using a synth& image [122]
(Figure 6.3(a)). The color vectors are normalized to unit non to analyze solely
the e ect of angle between color vectors. The angular errorefween the true
and erroneous illumination color vectors is:4 in this experiment. The maps in
Figure 6.3 (b) and (d) show the perpendicular distances obitaed using the top-left
corner and center pixels as referendéx;) respectively. The corresponding sinj
maps are shown in Figure 6.3 (c) and (e). As can be seen, the responding
perpendicular distance and sin() maps are similar justifying the analysis. Most
existing approaches do not account for any error in illumirteon color, thereby

implicitly assuming such maps to be uniform.

The above analysis considers two color vectors of the samefaoe color. Now
let us consider the case where the two color vectors have diemt surface colors
and thus lie on dierent dichromatic planes. Following a sirilar analysis, the

perpendicular distance ¢) of color vector I (x;) from the plane formed byf(xi)
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@) . .

(d) (e)

Figure 6.3: An illustration to validate the dependence of 2(d) on the sine of the angle
between the two color vectors as given by (6.10). (a) Input sythetic image; (b) and (d)

show the perpendicular distance maps for two di erent choies of reference pixef'(x;);

(c) and (e) are the corresponding sin() maps.

and the erroneous illumination color estimate ' can be written as
d=kI(x;) ksin( )sin( )+ " sin()klI(x;)kn (6.11)

Here is the angle subtended by the color vectdr(x;) with the true illumination
color vector . is the angle between the normals to the two dichromatic plase
Following similar analysis as in the same surface color casee get the expression
of the meanE (d) and variance ?(d) of the distance as follows

E(d)
2(d)

K 1(x;j) ksin( )sin( )
sin?( ) k1(x;) k? 2 (6.12)

From (6.10) and (6.12), errors in illumination color infornation result in uncer-
tainty in determining if two pixels lie on the same dichromait plane or not. Since
such a task is the underlying theme in all dichromatic model dsed separation

algorithms, errors in source color lead to errors in estimain of di use and spec-
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Chapter 6. Specularity Removal

ular components. These expressions fof(d) indicate how to account for errors
in source color as long as the errors are not large enough teemome theE (d)
factor in (6.12).

6.3.2 Proposed algorithm

Based on the error analysis given in the previous section, weopose a simple and
e ective algorithm to robustly separate di use and speculare ection components
given a single image. The di erent steps of the proposed algihm are described

in this section.

Determination of dichromatic planes: In the absence of any error in
the illumination color estimate (and any other modeling err), one can directly
use (6.5) to determine all pixels whose color vectors lie ohg same dichromatic
plane. Such an approach will not give the desired result in éhpresence of any
noise. Based on the error analysis, the proposed approaclesishe dichormatic re-
ectance model to robustly separate input pixels based on #ir underlying surface
color (not input pixel intensities which may show large vaations due to specular
highlights).

If the error in the illumination color in the r, g, b color chamels has a mean
0 and variance 2, the the perpendicular distanced of a color vectorl(x;) from
a dichromatic plane formed byl (x;) (of same surface color) and has mean 0
and variance 2(d) respectively (6.10). Thus, if a test color vector has Eudean

distance ofx from the plane, the corresponding Mahalanobis distance isvgn by

_ X
D)= Gk k (6.13)

If we further assume that the distribution is normal, then the probability of the
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6.3 Separation of Reflection Components

test point lying in the same dichromatic plane is given by

_ 1 Dy 2(x)
P SO Kok P2 (6.14)

Re nement of illumination color estimate: The normals to the dichro-
matic planes are obtained in a Least Squares (LS) fashion hyiwng the following

homogeneous system of linear equations

1
|_(R) |_(G) |_(B)
i1 i1 i1
TR I P
n-= =0 (6.15)

|_(R) |_(G) |_(B)
I'N; I'N; I'N;

matic plane in the previous step. Since the true illuminatin color vector is per-
pendicular to these dichormatic normals, a new estimate %) of the illumination

color vector is obtained in a similar LS method.

Separation of diuse and specular re ection components: Suppose
f Sig denotes the set of pixels in the given image which lie on thersa dichromatic
planert;. The plane and thus all pixels inf S;g are bounded by the illumination
color vector on one side and the surface color; on the other. Now, if the set
contains one or more purely diuse pixels, (for which the smeillar coe cient
ms = 0), the corresponding vectorsl (x) = mg(x) ; will have the same direction
(say i) as the surface color ;. Since the vector corresponding to surface color
(and thus the diuse pixels) forms the largest angle with thedirection of the
illumination color vector, the desired directionf; is given by

( IO B

l\ = e —
li = arg I(Xrir;glfxsig cos K1) K (6.16)
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The diuse component of a pixell(x;) is thus given by its projection on the

determined surface color direction

Ki(x)) Sk

% — (6.17)
|

la(x1) = ma(x2); Mg(X1) =

Similarly, the specular re ection component is given by therojection along the

illumination color vector

) LS; ms(X4) = M

Is(X1) = mMs(X1 (6.18)

k s Tk

Figure 6.4: A sketch illustrating the separation of re ectance components in the absence
of purely di use pixels.

The above analysis assumes that the séiS;g contains one or more purely
di use pixels for which mg = 0. In the absence of any purely di use pixels, no
pixel in the set has the same direction as the surface color, and thus the surface
color cannot be determined by (6.16). In this casd; denotes themost di use
direction and projection along this direction gives a more di use versn of the
pixel given by
1q(x1) = mG(x1) i+ mg(xy) “° (6.19)
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Using (6.17) and (6.18) , it is straightforward to prove that
mg(xl) = mgq(X1) and mg(xl) <mg(X1) (6.20)

wheremy(x;1) and mg(x;) are the true unknown di use and specular coe cients
of 1(x1) respectively. The imagel{x;) has the same di use component as the

original image, but is less specular. This is illustrated ifrigure 6.4.

6.4 Experimental Evaluation

In this section, we report the results of experimental evahtion of the proposed

approaches.

6.4.1 Robustness to errors in source color

One of the main advantages of the proposed approach for spkeity removal is
its robustness to errors in illumination color estimate. Threfore, it is important
to evaluate the performance of the method for varying degreeof errors in the
illumination color estimate. Figure 6.5 shows the result fovarying degrees of
angular errors in the illumination color estimate. As deséd, the recovered di use
component seems quite robust to the errors and degrades vgrnacefully with the
increase in error. Both the input images have been taken frothe dataset pro-
vided by Simon Fraser University for evaluation of computabnal color constancy

algorithms [16] which also contains the true illumination clor information.

6.4.2 Importance of global information

For complex textured surfaces, pixels with same surface oolmay not always
occur in a single contiguous region and may be spread throwgh the input
image as shown by the highlighted regions in Figure 6.6. Evehsome parts of

the image (shown by oval) are completely specular with no dise pixels, the
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Chapter 6. Specularity Removal

Figure 6.5: Robustness of the proposed approach to errors ilumination color. First
column: Original images; Other columns show the recovered idise re ectance com-
ponent with varying errors in the illumination color (the nu mbers under each image
indicate the angular error with the true illumination color ).

proposed algorithm can e ectively utilize the di use pixek of the same surface
color present elsewhere in the image (shown by square) to @ the specularity.
This is due to the fact that irrespective of the spatial locabn in the image, all

pixels of the same surface color will lie on the same dichrotitaplane.

Figure 6.6: Dealing with spatial discontinuity of pixels with same surface color. Left:
Original image; Middle: Di use component; Right: Specular component.

Also, the proposed method gives a more di used image in the sénce of purely
di used pixels. Figure 6.7 shows another result on the samenage in which a
component along the direction of illumination color is add# to each pixel. This
ensures that the image does not contain any purely di use pels. As desired, the

method is successful in removing a signi cant amount of spaarity.
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6.4 Experimental Evaluation

Figure 6.7. Re ectance component separation in the absencef purely di use pixels.
Left: Original image; Middle: Di use component; Right: Specular component.

6.4.3 Robust color segmentation in the presence of specular highlights

The surface color information for each pixel (obtained in amtermediate step of
the proposed approach) can also be used to obtain surfaceacdegmentation on
textured surfaces in the presence of specularity. FigureBésshows the result of such
a surface color labeling. Not that this is di erent from cole segmentation which
is based on pixel intensities which may show large variatisrdue to specular high-
lights. Color segmentation results on the same images usikigan Shift algorithm
are provided for comparison (http://www.caip.rutgers.edi/riul/research/code.html).
Unlike Mean Shift algorithm, the labeling obtained using tle proposed approach
is able to account for specularity in the input image.

More results on complex textured surfaces are shown in Figu6.9. As shown,
the proposed approach does well in separating the di use asgecular re ectance
components. All the images used in this experiment are takdrom the datasets
used in [78] and [119]. The illumination colors for these ingas have been esti-

mated using the proposed Hough transform based approach.

6.4.4 lllumination color estimation

We test the proposed illumination color estimation approdcton the dataset pro-
vided by Simon Fraser University [16]. The database contasnmages of di erent
scenes taken under 11 dierent lights. As the proposed algthm is meant for
dichromatic surfaces (with non-trivial specular compond)y we select a subset of

over 60 images from the database which have signi cant amauaf specularity.
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(a) (b) ()

Figure 6.8: (a) Input image; (b) Surface color labeling obtaned using our algorithm;
(c) Image color segmentation obtained using the Mean Shift iyorithm.

The number of selected images in each category along with theean angular
error of the estimated illumination color is given in Table 6l. The angular errors
obtained compare favorably to the ones reported in [127].

Table 6.1: Evaluation of the proposed illumination color egimation approach

Data category [16] books-4 books-5 fruit-1 | plastic-1| plastic-2|tape-1|apples
Number of images, 3 5 11 11 11 11 11
Mean angular error 4.9 6:2 6:3 7.0 34 3.7 2.7
6.5 Summary

The main contribution of this work is the analysis of errorsn source color informa-
tion to perform robust separation of di use and specular reectance components
from a single image. The error analysis is very general andositdd be useful even

for other algorithms to account for source color errors. Thanalysis leads to a very
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6.5 Summary

Figure 6.9: Separation results; First Row: Original images Second Row: Di use compo-
nent; Third Row: Specular component. Estimated illumination colors for these images
(from left to right) are [0.66 0.56 0.50], [0.55 0.57 0.61],0.59 0.61 0.53], [0.56 0.66 0.48]
and [0.54 0.62 0.57].

simple and robust algorithm to separate the two re ection camponents. Unlike
many recent techniques which deal with complex textures, oumethod is global
in nature and does not rely solely on the local information mvided by the neigh-
boring pixels. In addition, we also presented a Hough trarmin based approach
for source color estimation that does not require color segmtation or candidate
list of source colors. lllustrations and results of experiental evaluations show the

usefulness of the proposed algorithm.
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Chapter 7
E cient Shape Representation and Matching

Numerous applications of shape matching and recognition Y& made it a very
important area of research in the eld of computer vision (seFigure 7.1). Charac-
ter recognition, trademark logo retrieval, activity recogition, object recognition,

human pose estimation and matching range data are a few of tlohallenging
applications that can benet from accurate and e cient shape matching tech-
niques. Di erent applications require di erent represenations and hence di erent
matching algorithms to handle the large variations in shape Also with the re-

cent advancement in technology and the availability of di eent kinds of sensors,
the amount of data to be handled has increased tremendouslyeo the last few
decades. So even though research in the area of shape matglias matured, the
challenges involved in achieving high performance in terned both accuracy and

computational complexity continues to interest researchs.

Matching shapes across complex deformations has been theim#ocus of
most works in recent times. Many existing shape matching agthms require
computationally demanding matching schemes to be able to hdle the di erent
variabilities making them not so e ective for large databass. In contrast, we
propose an indexing system for fast and robust matching anetrieval of shapes.
We envisage a shape matching system which can e ciently seafo large databases
without compromising on the retrieval performance obtaing by the state-of-the-

art shape matching algorithms.

We model a shape as a collection of landmark points arrangeda plane (2D)
or in 3D space. In our approach, each shape is characterizedfbatures that are

used to index it to a table. The table is analogous to the invéed page table
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Figure 7.1: A few applications that can benet from robust and e cient shape match-
ing. (a) Matching and retrieval of 2D shapes [66], like digitrecognition [68], trademark
retrieval [18], leaf recognition [74]; (b) Activity Classi cation [102]; (c) Gesture recog-
nition; (d) Pose estimation in sports clips [133].

used to index web pages using words/phrases. Given a test ghasimilar ones
from a pre-indexed collection are determined based on itsasfacterizing features.
The computational overhead (of establishing point-wise ce@spondence) involved
in the traditional way of matching the query with each shapen the dataset is
thereby avoided. As we deal with shapes, the only informatiousually available
is the underlying geometry. Appropriate features are chosdo encode this geom-
etry as richly as possible, without compromising on robusess. Quite clearly,
the set of useful features vary depending on the particularpalication at hand.
For example, invariance to articulations of part structure is very important in
applications like gait-based human identi cation whereashe same feature is not
desired for applications like retrieval based on human pas8imilarly, scale invari-
ance may be critical for some application but detrimental taanother. Our goal
here is to develop a system that supports fast retrieval of apes without needing
any costly correspondence step during matching. To this ende use (or propose)
features that address most challenges faced by shape mamchitasks including

invariance to object translation, rotation, scale, articlations, etc. Depending on
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Chapter 7. Efficient Shape Representation and Matching

the demands of the application at hand, all or a subset of therpposed features
are used for indexing and retrieval. A given shape is then regsented using a col-
lection of feature vectors, each characterizing a geometai relationship between a
pair of landmark points. The features should be easily comgable for the match-
ing algorithm to be e cient and to be able to scale up to large dtabase sizes. The
feature vectors are suitably quantized for indexing. The t4 that feature vectors
depend only on a few points and are quantized, provides theaessary robustness
to the representation which is required to generalize acr®$arge intra-class vari-
ability. Since all the desired characteristics of a shape nching algorithm like
invariance to rotation, articulation, etc., are incorporded in the feature vectors
themselves, this kind of representation allows the propaseystem to have a very
simple and e cient retrieval scheme. Experimental resultsare provided to show
the usefulness of the proposed approach.

The rest of the chapter is organized as follows: Section 7.troduces the
indexing framework proposed in the chapter. Section 7.2 deikes the feature
based 2D shape representation along with the di erent featas used. A detailed
description of the indexing and retrieval algorithms is gien in Section 7.3. Sec-
tion 7.4 presents the results of extensive evaluations doteecompare the proposed
algorithm with others. Some real applications of shape maimg are shown in
Section 7.5. Finally we also discuss a implicit surface basapproach for repre-
sentation and matching of 3D range data in Section 7.6. The apter concludes

with a summary and discussion.

7.1 Indexing Framework - A Glance

Our focus here is to come up with a fast and e cient frameworkdr shape in-
dexing and retrieval that performs robust shape matching. nl most approaches,
given a query, it needs to be compared with every shape in thatdset to return

the most similar ones. Comparisons often involve computathally demanding
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7.1 Indexing Framework - A Glance

operations like registration, establishing correspondea, etc., which are repeated
for each shape in the dataset. Such approaches are usuallyt soalable since
the computational load can become prohibitively high as theize of the database
increases.

In contrast, we propose a scalable and e cient shape matchgnand retrieval
scheme. Figure 7.2 illustrates a prototype of our indexinggmework. Here, a
shape is represented using a set of indexable feature vestarhich are appropri-
ately mapped to ahash table For a shapesy, a bin i in the hash table stores
an entry hsg; ngii, ng > 0 whereny; is the number of feature vectors from shape
sk that get hashed to bini. The hash table is populated by performing the op-
eration for each shape in the database. The resulting tablggically has several
2-tuples from di erent shapes in each bin. The quantizatiorscheme determines

how uniformly the entries are distributed across the hash tde.

0 =S Do s = Sp Myp

Sie Dy~

v% i S Dy~

Shape s, Bag of features

2N.2
2N-]

Hash Table

Figure 7.2: A prototype of the proposed shape indexing fram@ork. Each shape in the
database is indexed to a hash table using a set of indexabledtire vectors extracted
from the shape.

Given atest shapes, its feature vectors are extracted and its hash table entrge
hsi; i, 8ng > 0 are determined by mapping the feature vectors to the tablédnce
this is done, its similarity with the shapes in the databasean be estimated using

a single parse through the matching bins. Parsing through ehbins that contain

107



Chapter 7. Efficient Shape Representation and Matching

a 2-tuple hs;; ngi, one can simultaneously compute the similarity of the query
with all the shapes in the database. In such a retrieval sch&nthe processing
time depends only on the number of 2-tupleks;; n;i and the number of database
entries in the matching bins. Quite clearly, the more unifanly distributed the
hash table is, less is the average time required to processuwery. Typically, the
processing time increases much slowly as compared to the alzdse size.

7.2 Feature based Shape Representation

In this section, we describe features which are invariant tdi erent deformations
like rigid transformations and articulations as required ¥ the application at hand.
The choice of features a ects both the generalizability andiscriminability of the
approach. Therefore, we look for features that depend onlyna few points on
the shape and also take the global shape into account. The agpmlence on only
a few points ensures robustness while their relative con gation with respect to
the global shape provides discriminability.

Complexity of a typical matching algorithm depends on the aoplexity of the
type of transformations that need to be handled which in turndepends on the
application. In the proposed approach, we choose the featisrto be invariant to
these transformations to make the retrieval process fast dr cient. Articulation
of part structures being one of the most di cult kind of deformations addressed by
several recent shape matching techniques, here we descrify@esentative features

that are invariant to articulations in addition to rigid tra nsformations.

7.2.1 Pairwise Geometrical Features

Following these guidelines, each shape is characterizeddyget of feature vectors
where each vector encodes pairwise geometrical relatioipshon the shape. Each

vector consists of the following features that are robust tdi erent deformations.
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7.2.1.1 Inner distance between the two points

The Euclidean distance between two interest points is invamt to rigid trans-
formations of the shapes and is useful for applications wieeit is required to
preserve articulation-dependent discriminability. But @en small articulations can
change the Euclidean distance signi cantly for several puat-pairs on the shape.
Therefore, for applications requiring invariance to artialations, we use the inner
distance (ID) [74] which is robust to articulations of part sructures. The inner
distance between two points is the length of the shortest platwithin the silhou-
ette of the shape. Figure 7.3 (Left) illustrates the di erere of inner distance over
the standard Euclidean one.

Computation of inner distance involves forming a graph withandmark points
on the shape forming the nodes. Two nodes in this graph are catted if there is a
straight line path between the corresponding points whiclsicompletely inside the
shape contour. The corresponding edge weight is the Eucladedistance between
the two. From this graph, any standard shortest path algoritm can be used to

compute the inner-distance for all the unconnected nodes.

Euclidaan
distance

Figure 7.3: Inner distance and Relative angles. The two huma silhouettes on the left
show the insensitivity of inner distance with articulation of part structures.

7.2.1.2 Relative Angles

Relative angles (A1 and A2) encode the angular relationshipetween a pair of
points. Absolute orientation of the line segment connectmthe points is not in-

variant to rotations. Therefore, relative orientation of the connecting line segment
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with respect to the incident tangents at each end point is use When using the
inner distance, this becomes the relative orientation of #h rst segment of the
path corresponding to the inner distance (Figure 7.3) (Righ The angles can be

computed easily during inner distance computation.

7.2.1.3 Contour Distance

The contour distance (CD) is analogous to geodesic distantar 3D shapes. For
2D silhouettes, the contour distance between two points isnsply the length of
the contour between the two points. It captures the relativepositions of the two
points with respect to the entire shape contour. The distarecis robust to both
articulations and contour length preserving deformationsit complements inner
distance in characterizing the relative location of the pot pair with respect to
the entire shape. Figure 7.4 shows the contour distance bet®n two points of an
object across several deformations. Though the contour thece may seem sensi-
tive to missing points and outliers, we observe that quantaion during indexing
phase makes it reasonably robust.

P

Figure 7.4: Contour Distance. The shown shapes illustrate lhe insensitivity of contour
distance to length-preserving deformations.

7.2.1.4 Articulation-invariant Center of Mass

The features described so far depend on the entire shape, bone of them capture
much information about the relative placement of various pat pairs in the shape.
Though robust, such a representation may not be able to pralé the desired level

of discriminability. To encode the relative placement, onean use the distance of
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the points and the line segment joining them from the centerfenass as additional
features where shapes need to be matched across rigid defatians. But clearly,
these features are not invariant to articulations as the céer of mass can change
appreciably with articulations. Therefore, we propose anrticulation-insensitive

alternative to the traditional center of mass if invarianceo articulation is required.

Here, we rst describe how the location of articulation invaant center of mass
is determined followed by a description of the features dead from it. Determin-
ing such a point directly is not easy. The proposed approachrst transforms a
given shape to ararticulation-invariant space. All objects related by articulations
of their part structures get transformed to the same shape ithe new space. This
essentially means that the distances between the transfoech points are invariant
to articulations. In other words, the Euclidean distances étween transformed

points should be the same as the inner distances in the origlrspace.

The transformation is done using multi-dimensional scalm (MDS) [32]. MDS
essentially places the points in a new Euclidean space sublatithe inter-point dis-
tances are as close as possible to the given inner distancea collective manner.
We use the classical MDS as opposed to other more accurate Itetrative algo-
rithms for e ciency. The transformation computation invol ves spectral decompo-
sition of inner product matrix B, which is related to the (squared) inner-distance

matrix D, , as follows

1
B = ZJD
5JDJ
1
J = | HllT where1, ,=[1;1;, ;1] (7.1)

The matrix B is symmetric, positive semide nite and can be expressed as
B=V V' where =diag( 1; 2;:0n n) (7.2)

The required transformed coordinates in am-dimensional output space can be
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obtained by
m (7.3)

3 Nl

Xom=Vam

Figure 7.5 shows the result of performing MDS on a few shapd$erem is taken to

be two for visualization. The approximation improves with he dimensionality of
the output space. As expected, the transformed shapes loouitg similar across
articulations. The desired articulation-invariant cente of mass is the center of
mass of the transformed shape.

-50 {J\ -50 i \i’{

-100 <100 il

150 150 f:‘: R
TN

-200 5 amp § 7 ",‘i‘

oo} £
= -250
0

40 B0 80 100

150 150 150 150

a0 Ky Py

{"X 100 100 100 100
20 ™ar?* "7/‘ .{.\“f j
SN A 50 50 50 50 K
. f AN 4 0y
0 S 0 SoH 0 0 e n‘%‘. n_._....cg'\
i3 H E . E ,, |
2N - w W - | .
X - - - E
40 % | e w
-150 -150 -150 -150

40 -0 0 20 40200 0 20 00 0 100 -100 0 100 00 0 100 -00 0 100

@) (b) (©

Figure 7.5: Articulation-invariant center of mass. Row 1: Original shapes, Row 2:
Transformed shapes after MDS.

Given the articulation-invariant center of mass of a shapeye derive features
which capture the relative positioning of the point pairs. Br each point pair,
distances (D1, D2, D3) of the points and the line segment jaimg them from the
estimated center of mass are computed. This is done in the trsformed space

itself as the distances in the transformed space are insdiva to articulations.

7.2.2 Bag of Features

Given a shape, the pairwise geometrical features are comedtfor each pair of
landmark points on the shape. Here, each point pair is chartacized by a 7-
dimensional feature vector (or less, depending on the invant properties required
for the application), comprising of the features describedbove. The distance

based features in the vector are made robust to variations stale by normalizing
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each with their medians. Note that here we provide a basic sef features that
are robust to rigid transformations and articulations of pat structures. The exact
choice of the set of features may depend upon the semanticstloé application
at hand. The collection of such feature vectors for all pairsf landmark points
characterize the shape.

It is worthwhile to note that though the various features arenot entirely un-
correlated, they capture di erent characteristics of the bape. Even experiments

show that each one of them contributes to the good performa@of the system.

7.3 Indexing and Retrieval of Shapes

In this section, we describe how the proposed representatios used for shape
indexing and retrieval. A shape is indexed by hashing eachitf feature vectors to
the index table. This requires discretization of the spacef éeature vectors. Here,

we quantize each dimension of the vector independently ugira suitably chosen

feature vector. The number of levels assigned to each feagus empirically chosen
based on the robustness of the feature. If the number of quazdtion levels for
feature f; is given by 2'i, then N; bits are required to represent the feature. So
each feature vector consisting of 7 features is representesing N = N; + +
N, number of bits. There are ? possible combinations of the feature vectors
and hence any vector belongs to one of the D 2;:::;(2N 1) bins in the hash
table. Though the appropriate number of bits assigned to eadeature may vary
depending on the application, Table 7.1 shows the typical mber of bits assigned

to each feature in our system.

Table 7.1: Number of quantization bits for the used features
ID|A1/A2|/CD|D1|D2|D3

41212141222
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The quantization boundaries for each feature are chosen huihat there are
almost same number of entries in each level. This is done bying a set of
training shapes which are representative of the databasen kddition to being
the basic requirement of an indexing system, quantizationrpvides robustness to
the variations in the actual values of the features across drent instances of the

same shape.

7.3.1 Indexing

Figure 7.2 illustrates the overall indexing procedure. Theteps in the indexing

are described below in detalil.

1. For each shape in the database, landmark points are exttad from the
shape contour. Though one can choose these points judigialve simply

pick points uniformly on the shape contours in all our expements.

2. For each pair of landmark points, features are computed aescribed in
the previous chapter. This results in a collection of featear vectors for each

shape. If there aren landmark points, we have 2 feature vectors.
3. Each feature vector is quantized using the proposed quadtion scheme.

4. The quantized feature vectors are mapped on to the approate bins in
the hash table. Thei!" bin contains 2-tuples of the formhs,; ngi8ny > 0,
where s is the k™" shape in the database andh,; denotes the number of

feature vectors of shapey that hash to bin i.

7.3.2 Retrieval

Given a query shape, the aim is to retrieve the similar shapés the database as
e ciently as possible. Figure 7.6 illustrates the retrievd phase using a ow chart.

The di erent steps involved in the retrieval phase are enunrated below.

114



7.3 Indexing and Retrieval of Shapes

S g™ <51 My~

“Sp My~

Bin 0: <> <>
Bin 1:i<><><>

0| =

'
Bini:<><><><>
'

Query Bag of ; ]
shape Features Bin m-1:<><>
2N-2
2N-1

Hash Table m Matching Bins

Return the
similar shapes

Update distance of query shape
with enrolled shapes in the bin

!

distance > threshold
for any shape ?

Discard those shapes

Figure 7.6: Retrieval Algorithm.

1. Feature vectors for the query shapse, are extracted in a manner similar to
the one used for indexing.

2. Each vector is quantized using the same quantization ste@s used for the

shapes enrolled in the database.

3. Hashing each feature vector to the index table results inlat of matching
bins M = fijng > 0g, where n; is the number of query feature vectors
which hash to bini. In general, the number of matching bins is much less

than the total number of bins in the hash table.
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4. The distanceD (t; k) of the query s; with each shapes, in the database is
initialized to zero.

5. Now we parse through the lisM and update the distance of the query with
each enrolled shape at every step using the following distametric

1(ni  nw)?

Dtk)= DK+ 3+,

(7.4)
where the shapes, has an entryhs,; ny;i in the i!" matching bin. If there is
no such entry for a shapes, in the bin, ny; is taken to be zero. The choice

of distance metric is inspired by the standard ? statistic.

6. If during parsing, the distance for any particular shapeni the database
exceeds a pre-speci ed threshold, then that shape is disdad from further

computation.

7. At the end of the parse, we get a list of shapes from the datake which are

most similar to the query shape.

7.3.3 Computational Complexity

The computational complexity of the indexing phase depends the complexity of
feature extraction. For a shape withn landmarks, the inner distance computation
is of complexity O(n®). Computation of relative angles and contour distances tak
O(n). The complexity of calculating the articulation invariant center of mass is
O(n?) while deriving features based on it takeéD(n). Therefore, indexing a shape
takes O(n®). Note that indexing can be done o -line so that query procesng
time is not a ected. To ensure fairness, all running times @orted here include
the time spent in indexing.

As in the indexing phase, for a query shape with landmarks, feature extrac-

n
2

each bin hasgp N entries, whereN is the number of shapes in the database, we

tion and hashing isO(n®). Hashing results inm matching bins. Suppose
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need to performO(pm) distance updates (Equation 7.4). This does not take into
account the fact that a lot of shapes are discarded during né¢val which would
further reduce the query processing time. It is dicult to put a bound on how
large m and p can be. In the worst casem can be as large as; and p as large
as N, but that does not happen in practice. With suitable quantiation, p in-
creases much slower thaN . Moreover, if elimination of dissimilar shapes during
retrieval process is taken into account, the complexity ofiie process depends on
the number of those database shapes which are somewhat samiio the query.

These attributes make the system quite scalable.

7.4 Experiments

In this section, we report the results of empirical evaluabin of the proposed sys-
tem. The performance of the system is compared with many s&bf-the art
matching algorithms on standard datasets. In addition, we ighlight the com-
putational advantages of our indexing approach. In the nexsection, we also
perform experiments on human pose estimation and activitylassi cation to fur-
ther highlight the usefulness of the proposed framework foeal world problems
that involve large size databases. In all the experiments,eantake 100 uniformly

sampled points on the shape contour as landmarks.

7.4.1 MPEG7 Shape Dataset

As our focus is to show the e ciency of the proposed system aig with its ac-
curacy, we rst test it on the MPEG7 CE-Shape-1 [66] datasetwhich is the
probably the largest benchmark used for evaluating shape tehing algorithms.
The dataset consists of 1400 silhouettes with 20 images edoh 70 di erent ob-
jects. Figure 7.7 (Left) shows a few images from the datasethe standard test
for this dataset is the Bullseye test. It is a leave-one-outikd of test where 40

most similar shapes are determined for every query shape. &mal score is given
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by the ratio of the number of correct hits to the best possiblewumber of hits
(20 1400).

CuHePnecax—=4p VLY Y Y AN
Y RN T A E L X2 BERRVELEVE S N |
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Figure 7.7: (Left) Example shapes from MPEG7 CE Shape 1 datast [66]; (Right)
Articulation database [74]: There are 8 objects with 5 shape each. Each column in the
gure shows the di erent articulated state of an object from the database.

Table 7.2 compares the performance and computation time ofi¢ proposed
approach with many algorithms reported in the literature. h terms of accuracy,
the proposed algorithm performs quite well, though the pesfmance is not ex-
actly at par with some of the very recently published approdes. On the other
hand, as can be seen from Table 7.2, the proposed approacheslseveral order
of magnitudes less time than other approaches. The systemnsion a regular
desktop and is implemented in MATLAB. The run-times reportel for other al-
gorithms are directly taken from the respective referencemd may vary slightly
due to dierences in machine con gurations. The accuracy ahcomputational
time comparisons show that the proposed system achieves thrgginal goal of de-
veloping a fast and e cient shape matching system that is sdable for large size
datasets without comprising much on the accuracy.

7.4.2 Articulation Database

The features used in our framework were chosen so as to suppaticulation-
invariant matching. Therefore, it is important to evaluate the performance of

the system on a dataset which explicitly deals with large aitulations. Here we
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Table 7.2: Performance comparison on MPEG7 datasetDg:: shape context distance.
DP: dynamic programming based matching.
Algorithm Score | Computation Time
CSS [83] 7544%
Visual Parts [65] [66] 76:45%
Curve Edit [110] [7817% 1s 1409C,
(50 segments)
Gen. Models [131]|80.03%| 0:2s 1499C,
SC + Dy [74] 64:59%
SC + TPS [18] |7651% 0:2s 1400C,
IDSC + D¢ [74] |6883%
IDSC + DP [74] |8540%| 0:31s 1400C,
HPM-Fn [82] 86:35%| 0:1 0:2s 149C,
Shape Tree [34] [87:70% 0:.5s 490C,
Proposed 81:8% 10 minutes

use the articulation dataset introduced in [74] which consis of 8 objects with 5
shapes each as shown in Figure 7.7 (Right).

We use the same test scheme as in [74]. For each shape, 4 mosilai shapes
are selected and the number of correct hits for ranks 1, 2, 3c#d are calculated.
Clearly, the best performance of any system possible is tot@g® correct matches
at all the four ranks. Table 7.3 summarizes the results obtaed. The proposed
approach favorably compares with other approaches. It is teworthy that unlike
other approaches, our system does not require any alignmeott costly matching
for computing similarity with each shape in the dataset.

Since the proposed set of features are meant to be insenstito articula-
tions, we perform an analysis of the features on the articuian dataset. For this
analysis, we divide the features into three sets namely, iandistance + relative
angles, contour distance and articulation-invariant cemr of mass (AICM) based
features. Table 7.4 summarizes the performance of thesetfea sets on the artic-
ulation dataset. Interestingly, even individually all three feature sets outperform

the performance obtained using Shape Context based apprbgdable 7.3).
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Table 7.3: Retrieval result on the articulation dataset.
Algorithm Rank 1|Rank 2| Rank 3|Rank 4

SC + DP [74] | 20=40 | 1040 | 11=40 | 540
IDSC + DP [74]| 40=40 | 34=40 | 3540 | 27=40
Proposed | 40=40 | 38=40 | 33=40 | 20=40

Table 7.4: Analysis of the various features used on the artiglation dataset.
Feature Rank 1|Rank 2| Rank 3|Rank 4

Inner distance + Angles| 3340 | 33=40 | 2140 | 1140
Contour distance 3640 | 3140 | 2840 | 2340
AICM-based 2540 | 1240 | 9440 | 1140

All combined 40=40 | 38=40 | 33=40 | 20=40

7.4.3 Kimia Dataset 1 and 2

Kimia dataset 1 [112] (Figure 7.8 (a)) consists of 25 shapesi 5 categories. The
experiment is run in a leave-one-out pattern. Similar to thearticulation dataset,

the performance is measured by accumulating the correct nthies at ranks 1, 2
and 3. The best one can get at any rank is 25. Table 7.5 compaitbe results

obtained with other approaches. The proposed indexing appach compares well
with other approaches.

Figure 7.8: Kimia database. (a) Kimia dataset 1 [112] consisng of 25 shapes from 5
categoris, (b) Kimia dataset 2 [109] consisting of 99 silhoettes from 9 categories.

Kimia dataset 2 [109] (Figure 7.8 (b)) is a larger version ofalaset 1. It

120



7.4 Experiments

consists of 99 silhouettes from 9 categories. The perforntanis measured by
examining the correct matches at top 10 ranks for each queryhe best one can
get for each rank is 99. Table 7.6 summarizes the results olstad. In addition to
being extremely e cient, the proposed approach compares Varably with many

existing algorithms.

Table 7.5: Retrieval result on Kimia 1 dataset.
Algorithm Rank 1|Rank 2| Rank 3

Sharvit et al. [112] | 23=25 | 21=25 | 20=25
Gdalyahu et al. [39]| 25=25 | 21=25 | 19=25
Belongieet al. [18] | 25=25 | 24=25 | 22=25
IDSC + DP [74] | 25225 | 24=25 | 25=25
Proposed 25=25 | 25=25 | 23=25

Table 7.6: Retrieval result on Kimia 2 dataset.
1123456 |7|8|9]10

SC [18] 97191|88|85|84|77|75|66|56|37
Gen. Models [131]99|97|99|98|96|96|94| 83| 75|48
Shock Edit [109] | 99|99|99|98|98|97|96| 95| 93| 82
IDSC + DP [74] |99/99|99|98|98|97|97|98|94| 79

Our Method  |99|97|98|96|97|97|96|91 83|75

7.4.4 ETH-80 database

The ETH-80 database [72] contains a total of 80 objects, 10amfrom 8 di er-
ent categories (Figure 7.9). Each object is represented by 4mages taken from
viewpoints spaced equally over the upper viewing hemispleeresulting in a total
of 3280 images. We follow the intended testing protocol foh¢ database which
is leave-one-object-out cross-validation. Each image ihé¢ database is compared
with all the images (all 41 views) from the other 79 objects ahif the correct cat-
egory label is assigned, the recognition is considered sgsful. The recognition

rate is averaged over all the objects.
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Figure 7.9: The 8 object categories of the ETH-80 database P{. Each category contains
10 objects with 41 views per object.

Table 7.7 summarizes the results obtained. The approacheéstéd in the table
use a single cue (either appearance or shape) for performaigect recognition [72].
It is worthwhile to note that the best reported result on thisdataset (to the best
of our knowledge) is 9392% which is obtained using a decision trees [72] based
approach that combines the rst seven approaches (i.e., ctanes multiple cues
of shape, color, etc.) for better performance. We see that amg the approaches
which use only a single cue (as our approach uses only shap@rimation), the

proposed approach performs quite well and is only next to IBESDP.

Table 7.7: Recognition result on the ETH-80 image dataset. he rst row show sthe
di erent algorithms and the second row shows the recognitimm rate. All results other

the proposed one are obtained from [72].
Color | DxDy |Mag-Lap| PCA | PCA SC SC IDSC | Proposed
Hist Masks | Gray |Greedy| +DP | +DP

64:85%)| 79:79%| 82:23% |83:41%)]| 82:29%| 86:40%| 86:40%| 88:11%| 87:48%
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7.5 Applications

E cient shape matching and retrieval is useful for many pratical applications.
Here, we describe two such applications, namely human posgimation and ac-

tivity classi cation.

7.5.1 Human Pose Estimation

Due to the easy availability of capturing and storage devisg large amounts of
visual data is being captured. Data retrieval based on conte rather than hu-
man annotation which might be absent or erroneous, has reged much attention
recently. The ability to automatically describe human actvities in long video
sequences is very useful for automatic video archiving, bvsing and retrieval.
Though motion is a very important cue, human activities in vileos can often be
described by the body pose in still frames [133]. In our comtie human pose
estimation implies matching the corresponding human silhettes in the 2D im-
ages based on their body posture and not explicitly estimaiy the 3D pose. For
e cient handling of large database sizes, the shape matchgnalgorithms need to

be able to scale up to large database sizes.

7.5.1.1 Evaluation Protocol

As the underlying pose space is continuous, so exemplarsmaibe easily classi ed
into positive and negative samples. Here, we use the samelaa#ion protocol as
followed by Tresadern and Reid [128]. If the body joint loc&ns are known, then
for each query imagd,, the sum of squared errors between corresponding joint
center projections in the image between the query image andah imagel; in
the database are calculated. Let this distance in the poseame be denoted by
d(l;14). The database poses are then ranked in order of similaritp the query as
determined by the shape descriptor. Let the index of the clest training example

ber (1) and the furthest ber (N) whereN is the number of images in the database.
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The curvef (k), given by

P k .
i=1 d(lrgysla)

(= -

(7.5)

represents the mean distance of thke highest ranking database examples to the
query fork = 1; ;N. Intuitively speaking, the function determines how well
the ranking obtained using the shape descriptors correlaavith the one given by
joint locations. Clearly, for a good shape matching approhc the best ranking
poses are closer to the query in joint locations space also.hél exact shape of
the ideal curve (perfect correlation) is determined by the idcriminability across

various poses in the joint locations space.

7.5.1.2 Experiments on MOCAP Data

We rst evaluate the proposed shape indexing method usingrmry silhouettes of
a human body model generated from motion capture data whiclontains infor-
mation about the joint centers (http://mocap.cs.umd.edu). Figure 7.10 shows a

few examples of binary silhouettes.

Figure 7.10: Example silhouettes from the CMU MOCAP dataset

The training data consists of 1500 binary silhouettes of €228 128 from dif-
ferent motions. The evaluation is performed on over 400 sywtically generated
test silhouettes. The silhouettes generated from the syrghic data were auto-

matically labeled with the image projections of the joint ceters for evaluation.
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Figure 7.11 shows the normalized curve &EN againstf (k)=f (N) whereN is the
total number of training images. As mentioned earlier, theower the curve is, the
better is the performance.

To evaluate the e ectiveness of the proposed approach foriman pose estima-
tion, we compare the results with two di erent approaches ficshape representation
which are brie y discussed below.

Lipschitz embeddings : Often computing the distance of the query image
with all the images in the database is very costly. One solatn is to embed
the data objects in a vector space so that the distances of tleenbedded objects
approximates the actual distances [47]. In Lipschitz embdihgs, every image is
represented by the vector of distances from a chosen seegkemplars Intuitively,
similar images will have similar distances to the choseaxemplarsand thus have
similar feature vectors. This global shape representationas been successfully
used for estimating the 3D hand pose given an input image [10]

Histogram of Shape Contexts : Given an input silhouette, every contour
point is represented by its shape context which charactegg the distribution of the
other neighborhood contour points. The shape contexts oflahe contour points
are then clustered using k-means and the cluster centers aseed as a vector
guantization codebook for assigning each contour point ongaven silhouette to a
cluster. A histogram over cluster assignments forms the fieme vector for a given
silhouette. Recently this shape representation has beenedsfor estimating the
3D pose of a human body from an input image [3].

Comparison of these approaches with the proposed approadr the task of
human pose estimation is shown in Figure 7.11. We see that tiperformance
of the proposed approach compares favorably with other shamglescriptors. The
dashed line at unity indicates the average curve produced byndom ordering
while the dash-dot curve indicates the best possible ranignwhere distance in
image space correlates perfectly with distance in pose spac

Table 7.8 compares the time (in seconds) taken by the di erérmethods for
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Average performance over 400 tests
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Figure 7.11: Evaluation of the proposed method for human pos estimation. Compar-

isons with (a) Lipschitz embeddings (lipschitz) and (b) Histogram of Shape Contexts
(hists) are also shown. The dashed line at unity indicates tke average curve produced
by random ordering while the dash-dot curve indicates the bst possible ranking where
distance in image space correlates perfectly with distancen pose space.

the task of pose estimation in this experiment. We see that & proposed ap-
proach is much faster than Histogram of Shape Contexts but\gs similar/better
performance. Though our approach takes longer time than Lsghitz embeddings,

the performance is signi cantly better.

Table 7.8: Time taken by di erent algorithms (in seconds) for human pose estimation.
Lipschitz | HoSC| Proposed Approach
101 985 393

7.5.1.3 Experiment on Figure Skating Data [133]

We also perform human pose estimation on a real gure skatirgpataset [133]. The
data consists of gure skating videos. As expected, it is unastrained and involves

swift motion of the skater and real-world motion of the camex including pan, tilt
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and zoom making it very challenging. Figure 7.12 shows somepresentative

frames from the dataset.

Figure 7.12: Sample frames from the Figure Skating Data [133

In [133], Wanget al. address the problem of discovering actions performed
by humans from still images in an unsupervised manner based the body pose
and they perform experiments on gure skating data. They prpose a deformable
template matching algorithm which tries to nd an optimal assignment between
sets of points sampled from the two images using a linear pragnming-based re-
laxation technique. This being a computationally expensesprocess, they employ
a fast pruning method using shape contexts to handle largellsztion of images.
But in such a two stage process, if similar images are falsedyscarded in the
initial pruning, those mistakes cannot be rectied in the laer stage. Since the
proposed indexing framework is meant for e cient matchingm large databases,

we evaluate it for the task of pose classi cation in this chéénging dataset.

Low-level pre-processing of data : We rst perform simple pre-processing
of the raw video data to obtain the binary silhouettes of the later. First the
foreground pixels are separated from the background by bdihg color models
for both which is followed by median Itering to reject smallisolated blobs. A
bounding box is then t to the foreground pixels by estimatirg the 2D mean and
second order moments along x and y directions and the binamnage of the pix-
els inside the bounding box is used as the input to our algohin. Though the

described pre-processing steps work reasonably well, thecanstrained nature of
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Figure 7.13: Visualization of similarity of the di erent po ses of the skater using MDS.
MDS places the input silhouettes in a new Euclidean space shdhat the inter-silhouette
distances in the transformed space are as close to the distaes obtained using the
proposed shape matching approach. We see that similar posegppear closer to each
other even after the dimensionality of the transformed spae is reduced to two.

the input skating video presents numerous challenges likeotion blur that cannot
be handled using such simple heuristics. Therefore, the extted silhouettes are

noisy and present quite a challenge for any shape matchingatithm.

Matching result : We now evaluate our shape matching framework for the ex-
tracted noisy skating silhouettes. Since the pose space éés continuous, it is not
straightforward to divide the data into separate classes anhperform quantitative
evaluation of the retrieval results. Here, we use MDS to angle the e ectiveness
of the proposed method for representing the di erent posed the skater. MDS

places the input binary silhouettes in a new Euclidean spasich that the inter-
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point distances (here each point represents an input silhetie) in the new space
are as close to the inter-silhouette distances obtained ngi the proposed shape
matching approach.

Note that to facilitate such a transformation, we need to haw the inter-
silhouette shape distances across all the used shapes. Efere, the proposed
retrieval process is performed without discarding any sitluette. Figure 7.13 shows
the result of performing MDS on a subset of the gure skating ata. Here the
output space is taken to be two-dimensional for visualizain purposes. The ap-
proximation obviously improves with the dimensionality ofthe output space. As
desired, similar poses appear closer to one another and deat poses appear
farther apart in the transformed space.

Figure 7.14: Image retrieval based on pose. First column shes query image. Second
to sixth columns show the top 5 matches.

We also perform a retrieval experiment to retrieve similar pses from the data-
base for qualitative evaluation. Figure 7.14 shows the topve matches for a few
guery images (shown in the rst column). In the gure, other than for the sec-

ond query, the algorithm successfully returns images hagrsimilar pose as in the
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guery. These examples show the ability of the proposed framerk to e ectively
match complicated shapes using noisy silhouettes extradtérom real data.

7.5.2 Activity Classi cation

Though the proposed framework works quite well for matchingjuman poses using
silhouettes from a still image (or a video frame), dependingn the application it
may be necessary to analyze a sequence of contiguous frarmegly to infer the
action/activity taking place in those frames. For example,considering a single
frame of human walking sequence may not be su cient to disaminate it against
other similar activities like running, jumping, etc.

The goal of activity classi cation is to classify the contet of human activity
sequences in an unsupervised manner without any prior knamige of the type
of actions being performed. Many activity classi cation mehods have addressed
this task from a shape matching perspective [24] [21] [90B[1 [45]. Approaches
based on key frames [24] or eigenshapes [44] of foregrouttibsettes perform
classi cation without taking the temporal information int o account. Bobick and
Davis [21] incorporate the temporal information in the fornof temporal templates
representing the motion properties at di erent spatial loations of an image se-
guence. Braided patterns extracted from a person walking i direction orthogo-
nal to the optical axis of the camera has been used by Niyogi@adelson [90] for
analyzing and recognizing walking gures. Recently, therbas been tremendous
interest to consider space-time shapes generated in the spdime volume by the
performed activity [137] [45].

Here, we present a very simple approach to show the usefulmes the proposed
indexing approach for the task of activity classi cation. h addition to analyzing
the sequence of silhouettes to characterize the spatial @anfmation, we propose a
novel temporal shapaepresentation to capture temporal characteristics of theb-

served activity. Given an input silhouette sequence, a cetih number of landmark
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frames containing both the spatial and temporal informatia is automatically ex-
tracted and analyzed using the indexing framework to reco@e the activity in

the sequence. Note that any method which transforms the awtiy classi cation

task into a shape matching problem can bene t from the compational e ciency

provided by our framework, irrespective of the exact form afepresentation. The
following discussion provides the details of the approachnd the results of the
experiments performed for its evaluation.

Spatial characterization:  Depending on the input video sequence, the fore-
ground silhouettes are obtained using low-level image pessing techniques. Tem-
poral clustering is performed on these silhouettes to obtalN number of clusters
based on the poseN =5 in our experiments). We use the distance transform to
do the clustering. But they can be taken as key frames or any &he representa-
tions from the approaches which view activity classi catia as a shape matching
problem. Temporal clustering results inN silhouettes which provide the spatial
characterization of the sequence of foreground silhouedte

Temporal characterization: The indexing approach presented is useful for
e cient matching of shapes. In order to e ciently utilize th e temporal information
for activity classi cation, we transform it to another shape matching problem. As
described before, an activity sequence can be representesing a 3D space-time
volume. The silhouettes are essentially slices of this vohe taken at di erent
instances along the temporal axis. In a similar manner, oneuw slice the space-
time 3D volume along one of the spatial axis (here y-axis) tdotain 2D space-time
shapes which we call akemporal shapesSimilar to the temporal clustering of the
silhouettes, spatial clustering is performed on these teroml shapes to obtain
K (K = 5 in our experiments) key temporal shapes. Figure 7.15 shewthe
landmark silhouettes and temporal shapes for a few activigs. From the gure,
we see that this representation seems to contain discrimitnge information which
can be utilized for classifying di erent activities.

Using such silhouette and temporal shape representatiorgah video sequence
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Figure 7.15: The silhouettes ( rst column) and temporal shapes (second column) for a
few activities as chosen by our algorithm.

is represented with N + K) 2D shapes N silhouettes andK temporal shapes).
Note that these 2D shapes are ordered (in time and space, respively). Each
shape is then indexed based on the computed features, reggtin separate (N +

K) hash tables. During retrieval, each shape of the query vides used to retrieve
similar shapes from the corresponding hash table in a manngmilar to the one
described in the previous sections. The similarity score$ the retrieved shapes

are then fused in an additive manner to obtain the nal similaity scores.

7.5.2.1 Experimental Evaluation

We evaluate the proposed approach on the activity dataset timduced in [45].
The dataset consists of 90 video sequences of nine di erergrpons performing
ten di erent activities, namely, run, walk, skip, jumping jack (or jack in short)
jump forward on two legs (or jump in short), jump in place withtwo legs (pjump),
gallop sideways (side), wave with two hands (wave2), wavetlvione hand (wavel)
and bend. We follow a leave-one-out protocol as suggested[45], i.e., for each
guery sequence , we remove the entire sequence from the das#band compare
it against the remaining 89 sequences. Table 7.9 shows thefpemance obtained

in this experiment using the proposed spatial and temporalharacterization of

132



7.6 Representation of 3D range data

activity sequences. The performance is measured by venfyiif the best match
for each query sequence is from the same category or not. Clgathe best
performance possible is to get 9 correct matches in all theagjonal entries (as
there are 9 instances per category that act as queries in aveaone-out fashion).
The performance is comparable to the approach in [45] whicloroputes features

from the complete space-time volume for classi cation.

Table 7.9: Activity classi cation performance obtained from silhouettes-based spatial
and temporal characterization. The two numbers in each tabé entry shows the perfor-
mance obtained using the proposed spatial and temporal chaicterizations, respectively.
| |al|a2|a3|a4|a5| a6| a7 | a8 a9 |all|
bend (al) {9/9|0/0 | 0/0|0/0|0/0 {0/0 |0/0 |0/0|0/0 |0/0
jack (a2) |0/0|8/9|0/0|0/0|0/0|0/0|0/0|0/0|0/0|1/0
jump (a3) |0/0|0/0|9/9 |0/0|0/0|0/0|0/0|0/0|0/0|0/0
pjump (a4) |0/0|0/0|0/0|8/9 |0/0|1/0|0/0|0/0 |0/0|0/0
run (a5) |0/0|0/0|0/0|0/0|9/9|0/0|0/0|0/0|0/0|0/0
side (a6) |0/0|0/0|0/0|1/0|0/0|8/9|0/0|0/0|0/0|0/0
skip (a7) |0/0|0/0|1/0|0/0|0/1|0/0|8/7 |0/1|0/0|0/0
walk (a8) |0/0|0/0|0/0|0/0|0/0|0/0|0/0|9/9|0/00/0
wavel (a9)|0/0 (0/0 |0/0|0/0|0/0|0/0|0/0|0/0|8/8 |1/1
wave2 (a10)0/0|0/1|0/0|0/0|0/0|0/0|0/0|0/0|1/1|8/7

7.6 Representation of 3D range data

In this section, we address the problem of representation 8D range data. The
representation should not only describe the object well buslso generalize and
extend seamlessly to perform robust recognition and regiation. In addition, we
also address the problem of registration and recognition 8D point clouds i.e.,
given a pair of 3D point clouds we should be able to estimate ehsimilarity of
the two and also nd the rigid transformation that relates the two in case they
are reasonably similar. The aim is to develop an approach whi does not rely

on either knowing or estimating the point-to-point correspndence between the
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two sets. Also, the approach should be able to match and reggs point clouds
separated by all possible rigid transformations and shouldegrade gracefully in
the presence of outliers or in the event of missing data.

Shape histograms [8], shape distributions [93], ExtendedaGssian Images [49],
wavelets [38], higher order moments [33] etc. are a few of tescriptors which
have been explored to describe 3D shapes. Other than a fewtdggam based
features which are invariant to geometric transformationghe descriptors are nor-
malized by using the center of mass for translation, standdrdeviation for scale
and principal axes based alignment for rotation. Though tnaslation and scale
normalizations perform reasonably well, PCA-normalizatin falls short of provid-
ing a robust alignment [56]. To this end, Kazhdan et al. [56]rppose a spherical
harmonic representation of such descriptors to achieve agion invariance. Here,
we also use spherical harmonics for rotation invariance bute apply it on implicit
values based feature vector which, as we show, is a more cagtgland robust

representation.

The alternative approach involves explicitly solving for ptimal transformation
using registration methods like Iterative Closest Point M&ching (ICP) [19] [141],
Generalized Hough Transform [13], Geometric Hashing [6&}c. before computing
the similarity of the models. Such approaches can be quitegmient in a database
retrieval kind of application as one will need to register ery query model with
all the models in the database (assuming the algorithm is ablo register models
correctly across large transformations).

Given the advantages implicit representation provides, iplicit surface gener-
ation has been an important area of research in Computer Grajgs. The book
by Bloomenthal et al. [54] provides an excellent overview dfie area. Most of
the methods de ne implicit surfaces in the form of quadricshlobs or radial basis
functions around the input 3D points. Almost all of them assme that a polygonal
mesh connecting the 3D point cloud is given as input. In cordst, we generate

implicit surface using only 3D point clouds. The parametersf the implicit sur-
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7.6 Representation of 3D range data

face can be obtained by solving a set of linear equations whican be used to
perform robust recognition and registration. To perform ofect matching across
a ne transformations, spherical harmonic decompositions used to achieve ro-
tation invariance. Non-linear optimization is required toexplicitly solve for the

transformation parameters.

7.6.1 Implicit representation of a surface

We use implicit surfaces based on a variational interpolatn technique which is
a generalization of thin-plate interpolation. The method $ similar to the one

proposed by Yngve et al. [37] with two main di erences:

1. We do not use the polygonal mesh information and generataplicit surfaces

using just the 3D point cloud.

2. We use uniformly sampled points on concentric spheres detpivot points

instead of choosing them adaptively in an iterative fashioas done in [37].

This provides us with a globally unique representation of # object. The draw-
back is that this can prevent us from getting a very precise peesentation of the
object but that is not the goal here as opposed to [37] where arate recon-
struction is the main objective. The approximate isosurfag we obtain, helps in
generalization while not losing discriminable charactesiics. These are the kind
of properties one desires from a representation for the task matching.
Generation of variational implicit surfaces involves solag a scattered data

interpolation problem [132]. To create a variational impkit function, one needs

Typically, there are three types of constraints. Boundary constraints are those
constraint points which lie on the surface and take the valugero. Theinterior

constraints lie inside the surface represented by the point cloud and aggven
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Chapter 7. Efficient Shape Representation and Matching

positive values. Theexterior constraints lie outside the surface and are assigned
negative values. We use an implicit function of the form:

X«

fx)=d (x g)+P(x) (7.6)

j=1
Here ¢ are the locations of the pivots,d, are the weights which we need to
estimate, P (x) is a rst degree polynomial to account for the linear and costant
portions of the implicit function f .

As we deal with point sets which represent object surfacedid implicit func-
tions should be chosen to make the surfaces reasonably snmoofThe smooth-
ness is also useful in making the representation fairly robuto outliers. There-
fore, we take (x) =k x k® as this function minimizes the curvature functional

< i g;g; 2dx [30]. Given a set of 3D points, we solve for the weight
and coe cients of the polynomial P (x) using the following linear constraints:

X«
hi = dj (Xi CJ)+ P(Xi) (77)

j=1

These equations being linear with respect td; and the coe cients of P (x),

can be formulated as

0 10 1 0 1
11 12 i w 1 X)]<_ X{ Xi dy hy
21 2 ook 1 x5 x) X3 d h2
Nl n2 k1 XX xh X de & _ B M (7.8)
1 1 1 0 0 0 O Po 0
g o g 0 0 0 O p1 0
g ¢ @ ¢ 0 0 0 O P2 0
g & ¢ 0 0 0 O P3 0

The pivot points ¢ are sampled uniformly on a bunch of concentric spheres

around the center of mass of the object. As they are xed irrgective of the
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7.6 Representation of 3D range data

object, we get a globally unique and compact representatioof the 3D point
cloud in the form of the parameter vector (containingd's and p's) obtained by
solving the system in (7.8).

We use all the input 3D points to generate linear constraintsf the form (7.7)
with zero as the implicit function value. As we do not use the@ygon information,
it is not easy to identify the points which lie inside the objet with certainty (if
the object is not convex). In comparison, choosing exterigroints is much easier
even without any polygonal information. We envelop the poincloud with a
tight tting ellipsoid with the axes of the ellipsoid aligned in the direction of the
principal components of the distribution of the 3D points. Bints are sampled on
the enveloping ellipsoid to get the exterior constraints. fie points on the ellipsoid
which lie inside the convex hull of the 3D point cloud are notansidered. The
negative of the distance of each exterior point from the clest point in the point
cloud is assigned as the implicit function value to get therear constraints of the
form (7.7).

Though one can come up with more complex and iterative stragees [37] to
get a better reconstruction but as mentioned before that isat our goal. We aim
at generating a smooth and approximate isosurface for a givebject which is
representative of its class. Figure 7.16 shows a few isosids generated using
this approach. It is worthwhile to note that only point cloud information is used
to generate these surfaces. In contrast, most state-of-taet graphics approaches
use polygonal or volumetric information to generate isosfaces.

7.6.2 Rotation invariant representation

Though the choice of the same set of pivots to model any pointocid provides
us with a unique representation, the estimated parametersr& not invariant to

similarity transformations of the object. Thus two point clouds cannot be directly
compared based on their estimated parameter values.

Spherical harmonic decomposition of a spherical functiorrqvides a very sim-
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Chapter 7. Efficient Shape Representation and Matching

Figure 7.16: A few examples of the generated isosurfaces. |Athe surfaces were generated
using just 500 pivot points.

ple and e cient way to obtain a rotation invariant representation (though not loss-
less) of the function. The proposed approach provides a veeycient method to
generate approximate smooth isosurfaces of given 3D poitbweds which as shown
in Figure 7.16, can help generalize without losing discrimability. Therefore, in-
stead of extracting some generic feature and using sphetitermonic transfor-
mation, we intend to use the isosurfaces generated from 3Diptoclouds to obtain
the rotation-invariant descriptor. To this end, we proposeausing implicit function
values as the spherical feature. We compute implicit funah values using (7.6)
at uniformly sampled points on a set of concentric spheresaamd the object. The
spherical harmonic decomposition of these implicit valugsased spherical func-
tions is then computed for each sphere to get the rotation iaviant signature as
described below.

If the implicit values based function can be represented iretms of spherical

harmonics as,

FG )= am " (5 ) (7.9)
=0 m= |
9p — N .
then the norms, ' m 1 J@mj? 8 0 |I<k, are invariant to rotation.

These rotation invariant energies at di erent harmonic leels for all the concentric

spheres are used to form the desired rotation invariant feate vector. Quite
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7.6 Representation of 3D range data

clearly, larger the value ofk is, the better the function can be represented using
the spherical harmonics. In our experiments, we sé&tto 64. Figure 7.17 shows
the ability of the proposed feature vector to measure simity of various models
(from The Princeton Shape Benchmark [113]) reliably acroshanges in scale and
rotation.

The proposed rotation invariant descriptor helps in matcmg 3D point clouds
across arbitrary rotations.

Figure 7.17: The gure displays the ability of the proposed feature vector to match
objects across geometric transformations. In each row, thenodels are arranged in the
order of decreasing estimated similarity w.r.t. the leftmost model in the row.
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7.6.3 Estimation of the rigid transformation using isosurf aces

In this section, we will show how to estimate the underlying atation between
two reasonably similar objects using their generated isasaces. Spherical har-
monic decomposition for handling rotation in 3D is analogauto that of Fourier
decomposition for handling translation. Though the phasenformation in Fourier
decomposition is useful in estimating the translation, sgrical harmonics can not

directly be used for estimating the underlying rotation.

The approach makes use of the intuition that correct rotatia will make a point
cloud satisfy the implicit function (Equation (7.6)) of the other at most points
and vice-versa i.e.R°= R minimizes the following implicit function value for all
points if the correct underlying rotation is R:

)Q( 0 0.

fex) = d (¢ R(g)+ P(R) *(x) (7.10)

j=1
wherex? are the points of the rotated object,c, are the pivots of the base object
while d; and P are the estimated isosurface parameters of the base objectd®R®is
the rotation matrix corresponding to the hypothesized rotdon. The optimization
to obtain the optimal R is done usinglsgnonlin function in MATLAB. Transla-
tion and scale variations are taken care of using the tradanal normalizations.
Figure 7.18 shows an example of registering two animals ugithis approach. It
is worthwhile to note that the method is able to cope with smalmis-alignment
of the center-of-mass of the objects as can be seen in the shasxample. In
addition, unlike ICP [19], the proposed approach performsegistration without

explicitly solving for correspondence.
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7.7 Summary and Discussion

Figure 7.18: Registration result: The gure shows two modet before and after regis-
tration using the proposed approach.

7.7 Summary and Discussion

We presented an e cient and robust approach for fast matchig and retrieval of
shapes. In most existing techniques, the alignment procebas to be repeated
for every shape in the database for retrieval, making them roh slower than the
proposed scheme. As dissimilar shapes are eliminated vegeyrle during our re-
trieval process, little e ort is wasted in comparing a queryto the database shapes
which are very di erent, making the system scalable. The egrhsive experimen-
tal evaluations performed illustrate the e ectiveness oflte proposed indexing
framework. Due to increase in the amount of data to be handleanost real-life
applications require e cient algorithms which can scale ufo large size databases.
The results obtained are extremely promising and make a stig case for such
an e cient indexing based framework for shape matching. We lso presented
an isosurface-based approach for representation and matap of 3D range data

without requiring correspondence establishment.
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Chapter 8

Directions for Future Research

Though the proposed methods work quite well for the problemthey address, a
lot more needs to be done to apply the algorithms for more genaé objects and
scenes. The problems addressed in this dissertation and ttheerent approaches
proposed leads to many interesting future directions of rearch. We will discuss

some of these research directions in this chapter.

8.1 Face recognition in challenging scenarios

In this dissertation, we have proposed a model based apprbam estimate the
albedo of an object for matching objects across illuminatinand pose variations.
Other than variations in illumination and view-point, depending on the imaging
environment, there can be other external factors which rekun deterioration of
the image quality. Blur, low resolution, occlusion in facemages are often encoun-
tered in many scenarios, specially for images captured fraamlarge distance. The
proposed approach uses an image estimation formulation tbtain the albedo es-
timate. The formulation can be extended to account for facts such as blur in the
input image. To account for large occlusions, recently Wrig et al [134] proposed
a sparse representation for faces. In their approach, eaast face image is written
as a linear combination of the face images of the same persarthe gallery and
illumination variations is handled by including multiple images under di erent
illumination conditions in the gallery. It has been shown [@] that an image of
an arbitrarily illuminated face can be approximated by a liear combination of

the images of the same face, illuminated by nine di erent ligg sources placed at
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8.2 lllumination invariant tracking and recognition in vid eo

pre-selected positions. Since the estimated albedo can bsed along with aver-
age facial surface normal to generate images under di ereiffuminations, these
relighted images can be used along with the sparse represgian to handle large
occlusions in addition to illumination variations with onea single image in the
gallery.

8.2 lllumination invariant tracking and recognition in vid eo

In the dissertation, a single image was used for estimatinbe albedo of the object.
Since the accuracy of the initial albedo estimate depends tre angle between the
surface normal and the light source direction, if multiplemages under di erent
illumination conditions are present, they can be suitably @mbined to obtain a
more accurate albedo estimate than what can be obtained ugireither one of
them. This is particularly important for shadow pixels and #so nds natural
use in video based recognition where multiple frames are peat, usually under
varying illumination conditions.

Many existing video-based face recognition methods [14&euvery simple in-
tensity normalization techniques to account for the illunmation variations across
frames. Though these measures work for simple cases, suchpg techniques
may not be adequate in more complicated realistic scenariagen there may be
large illumination variation across the frames. Failure tdhandle these variations
can lead to poor tracking performance which in turn will leado poor recognition
results. Using the albedo estimation technique from multip images, we propose

an algorithm for illumination-invariant tracking and recognition of faces for video.

The input to the algorithm is the video sequence, average $ace normal and
the pose in the rst frame.

The albedo is estimated from the rst frame of the video sequee.
The face is tracked to the next frame. The albedo from the cuent frame is
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estimated and the correctness of the tracking result is evated by comparing
the albedo obtained with that of the previous frames.

The albedo estimate is updated using the multiple image basdormulation
and the sequence is repeated for each frame in the video.

The proposed method will probably be capable of dealing witlarge illumina-
tion changes since it is based on the albedo which is a intringroperty of the
object. Also use of 3D information for tracking will make it pssible for tracking
across large pose changes.

8.3 Hashing 3D shapes for fast matching and retrieval

We have described an approach for e cient articulation-inariant indexing and
retrieval of 2D contours. This can be directly extended for[3 range data. Using
line segments to model geometry of 3D shapes may not be ricltoagh for e cient
and discriminative characterization. One way of making theepresentation rich
is to use planes or tetrahedron as basis geometric entity.

Another way of characterizing 3D shapes is by representingpdm as a union
of 2D curves on the shape. Samet al. [107] represent 3D surfaces using union of
level curves for the task of three-dimensional face recoion. Such an approach
essentially reduces the problem of matching 3D shapes to afanatching multiple
2D contours which can easily be modeled using the approachepented in the
chapter. The ideas from 2D shape matching and implicit suré@ matching can
also probably be combined for fast object matching under aculations which is

scalable for large databases.
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