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Abstract

Detection and Modeling of Depth Discontinuities with

Lighting and Viewpoint Variation

by
Rogério Schmidt Feris

Discontinuity modeling and detection has a long historyhea teld of computer
vision, but most methods are of limited use because eitter deal with intensity
edges, which may not be informative regarding intrinsiceebproperties, or they at-
tempt to detect discontinuities from noisy dense maps ss&tesieo or motion, which
are particularly error-prone near discontinuities in tigfalso known as depth edges or
occluding contours).

We propose to systematically vary imaging parameters (rhqodar illumination
and viewpoint) in order to detect and analyze depth disoaittes in real-world scenes.
We build on promising preliminary research on multi- ashaging [85], which uses
small baseline active illumination to label depth edgesmages. We show that by
varying illumination parameters (such as the spatial pwsinumber, type, and wave-
length of light sources), we are able to handle fundamentablpms in depth edge
detection, including multi-scale depth changes, speitidaiand motion.

By combining active illumination with viewpoint variationve provide a frame-
work for robust depth-edge preserving stereo. We proposel fieature maps based
on qualitative depth and occlusion analysis, which areulgefors for stereo. Based

on these feature maps, we demonstrate enhanced local dval gtereo algorithms



which produce accurate results near depth discontinuities

Finally, we show the usefulness of our techniques in nortguealistic render-
ing, with applications in comprehensible rendering, makimaging and human facial
illustrations. We also demonstrate the importance of deptttours in visual recogni-

tion, showing improved results on the problem of ngersppgjlrecognition.
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Chapter 1

Introduction

Many computer vision tasks rely on the use of intensity edgebw-level features.
These edge-based methods, however, are limited in théityabireveal scene struc-
ture: many sharp intensity transitions are produced bytexdr illumination variations
that are not informative regarding object shape or bouerdairin addition, important
gray level discontinuities along occlusion boundaries imaye low contrast or appear
blurred due to the imaging process. As a result, intensigyeedaps often include un-
desirable edges (due to albedo changes, specularitiesadowk) or omit key edges
along important shape boundaries.

Ideally, we would like to detect and analyze discontingitiethe physical surfaces
rather than (or in addition to) edges in the image intersitiene latter are somewhat
arbitrary and do not always correspond to physical progedf objects; the former are
well-de ned and less dependent of the speci ¢ imaging ctinds [37]. For example,
abrupt changes in depth, motion, and surface normal ara dftectly related to the

3D scene geometry and can provide extremely important éwetlfeatures for image
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understanding, since they tend to outline the boundariebjetts in the scene.
Discontinuities can be classi ed according to their phgsicature into disconti-

nuities in depth, surface normal, illumination (e.g., bdarnes of shadows or specu-

larities), re ectance (material transitions), and motidinis dissertation addresses the

particular problem of detection and analysis of discoritiesiin depth.

1.1 Depth Discontinuities

Depth discontinuities, also known as depth edges or oanjudontours, corre-
spond to sharp changes (CO discontinuities) in a depth mépedafcene. A depth map
consists in a two dimensional array which stores the deptralue$ of each surface
point correspondent to a pixel in the image. Figure 1.1 shemwsput photo, the cor-
respondent depth map (where closer points are lighter@mgity), and the depth edge
map. We will show later that depth edges can be obtainedtljiréypassing the depth
map computation.

The imaging geometry is illustrated in Figure 1.2. Deptltdiginuities arise when
a light ray associated with an image pixel meets a discredagd in the depth of the
surfaces in the world [11]. This occurs when the light rayaisgent to the surface,
i.e., a depth edge pixel is associated to a surface pointevhosnal is perpendicular
to the light ray. Note that depth edges are view-dependepperntling on the camera
viewpoint, surface points may correspond to depth edgestoiFor example, in Figure

1.2, the surface poir corresponds to a depth edge in cam&rdut not in camers .
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(b) (c)

Figure 1.1:(a) Original Photo. (b) Depth map. (c) Depth edges correshbtmsharp
CO discontinuities in the depth map.

1.1.1 Applications

Reliable detection of depth edges clearly facilitates ssgation, establishes depth-
order relations, and provides valuable features for vise@gnition [31], tracking, and
3D reconstruction [19]. Since depth edges tend to coincitieabject boundaries, they
can also be used for many graphics applications, includiatling, synthetic aperture
photography [49], and non-photorealistic rendering [§53¢ure 1.3 shows the useful-
ness of a depth edge map by comparing it with intensity edgescted with Canny
operator [16]. Note that the representation based on dejgbsecontains important
shape boundaries directly tied to the 3D scene geometrykddaend clutter due to
re ectance discontinuities is completely removed.

David Marr [66], in his computational vision model, emplzas the importance of
depth discontinuities as a representation for scene gepmegarly vision. Compared
to dense depth maps, depth edges provide an enormous getindine amount of data,
while preserving the salient features. This reduction,ant@ast to intensity edges, is
done in a purely geometric way. Depth edges are completdgpendent of changes

in lighting or object material properties.
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Figure 1.2: Depth discontinuities arise when a light ray associatechvah image
pixel meets a surface point whose normal is perpendiculd@hédight ray. They are
view-dependent: the surface poidtcorresponds to a depth edge in camdrabut

not in cameraB .

The importance of depth discontinuities can also be seetsinonnection with
partial occlusions in stereo and motion algorithms. Thectein of occluded pixels is

extremely useful for estimation of dense depth and motiddsg¢53, 13].

1.2 Problem and Approach

A natural way to detect depth discontinuities is to rst camg the dense depth
map of the scene and then look for discontinuities in thisdelowever, the majority
of 3D reconstruction methods produce inaccurate resudtsdepth discontinuities, due
to occlusions and the violation of smoothness constral$sa result, most previous
approaches proposed for detection of depth discontisuitgat them as an annoyance,
rather than as a positive source of information [11, 46].

Recently, steady progress has been made in discontine@sgping stereo match-



Introduction Chapter 1

o V>
ity %
YA \ o y
VA g Y A
5| )
& <K
4 \f{ g / /
o / /

(c) (d)

Figure 1.3:(a) Original image with a planar cluttered background. (bqu@y inten-
sity edges with = 0:3. (c) Canny intensity edges with= 1:0. (d) Depth edges.
Note that depth edges are directly tied to the 3D geometrigeohand.

ing [5], mainly with global optimization algorithms based belief propagation or
graph cuts (see [111] for a comparison). However, theseadstfail to capture depth
edges associated with suf ciently small changes in deptbrddver, obtaining clean,
non-jagged contours along shape boundaries is still aagilig problem even for
methods that rely on more expensive hardware [39].

We propose to systematically vary imaging parameters {(spdlg illumination

and viewpoint) in order to detect and analyze depth edgesahworld scenes. Re-
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cently, multi- ash imaging [85] has been proposed to bypaBsreconstruction and
reliably detect depth discontinuities directly. Imagee taken under different illu-
mination conditions and the resulting cast shadows areoérglto robustly separate
shape contours from re ectance discontinuities. We extargdwork in multiple ways,

by intentionally varying parameters of the imaging process analyzing the resulting

images.

1.3 Thesis Statement

This dissertation introduces novel methods based on thatiar of imaging pa-
rameters (in particular illumination and viewpoint) to eet and analyse depth dis-
continuities in real-world scenes. It demonstrates théulisess of computed depth
edges as low-level features for scene understanding tasksding stereo and visual
recognition. In a broader perspective, it motivates newgimgtechnologies for gen-
eral scene analysis based on physical surface discomisutbntrasting with current

holistic or edge-based computer vision approaches.

1.4 Contributions
Our main contributions are listed below:

We improve and extend preliminary work on multi- ash imagjrgeneralizing
the idea by varying illumination parameters (such as thebmmspatial position,
type, and wavelength of light sources) in order to handlelfumental problems

in depth edge detection. As part of this framework, we prephbs following:
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— A multi-baseline approach for detecting depth edges undéti-scale depth

changes.

— A gradient-domain method for handling specular re ectiomslepth edge

detection.

— A technique that exploits ashes with different wavelenggihdetect depth

edges in motion.

We integrate viewpoint variation with small baseline illuvation to obtain high
quality disparity maps near depth discontinuities. Inipatar, we propose novel
feature maps based on qualitative depth and occlusion sisashowing their

usefulness in dense stereo matching.

We demonstrate the importance of automatically computpthdedges in visual
recognition. A novel method for recognizing ngerspelliggstures based on
depth contours is proposed, which shows superior perfacmaner intensity

edge-based techniques.

1.5 Outline

This dissertation is organized as follows: in Chapter 2, wgeubs related work,
covering methods that are directly related to our proposelriques.

In Chapter 3, we describe our basic algorithm for depth edgeation and then
show how to improve it in a wider variety of imaging conditgiby intentionally vary-
ing illumination parameters, such as the spatial positiamber, type, and wavelength

of light sources. We highlight novel algorithms to handleltirscale depth changes,
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specular re ections, and motion.

In Chapter 4, we combine lighting with viewpoint variatiamdchieve high qual-
ity, discontinuity preserving disparity maps. We proposeel feature maps based on
gualitative depth and occlusion analysis, which are ugafioks for stereo. Based on
these feature maps, we demonstrate enhanced local and gflete® algorithms which
produce accurate results near depth discontinuities.

Chapter 5 shows the usefulness of depth discontinuitiesrani ash imaging in
comprehensible rendering, medical imaging and humanlfélastrations. In Chapter
6, we demonstrate the importance of depth contours in visgalgnition, showing im-
proved results on the problem of ngerspelling recognitiemally, Chapter 7 provides

general conclusions and motivates ideas for future work.



Chapter 2

Background

This chapter reviews the background and some earlier wadakeck to this disserta-
tion. We rst discuss existing approaches to classify digguiities according to their
physical nature, giving special attention to the deteabiochepth discontinuities. Then,
we discuss 3D reconstruction techniques that are direethted to the methods that
we will present in the following chapters, including denserso, photometric, and
shadow-based approaches. Finally, we cover existing lzsded techniques and meth-

ods that exploit the variation of other camera and scenenpstas.

2.1 Discontinuities in Computer Vision

A good deal of attention has been given to detecting and septag disconti-
nuities for scene understanding in the eld of computeransiespecially during the
1980s [37, 62, 66, 113]. Much of this research was motivaiethb seminal work

of Marr [66], who articulated the importance of disconttmes in his computational
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vision model. Marr's primal sketch included both depth aodmal discontinuities as
part of the general model.

Most of the methods proposed over the years to detect anelseprimage discon-
tinuities have dealt with intensity edges [16], althougimsoattempts were made to
classify discontinuities according to their physical arigs well [37, 15, 38]. In the
early 1990s, attention was re-directed to appearancedlaggroaches due to their suc-
cess, particularly in object recognition. Although phydiig-based edge classi cation
is still an active research problem, existing methods dcsaei capable of providing
a general solution.

Gamble and Poggio [37] proposed a scheme based on coupldawiRandom
Fields, which integrates intensity edges with stereo depth motion eld informa-
tion, in order to nd depth and motion discontinuities. Thekaim that this scheme
could be generalized to classify other discontinuitiesoating to their physical na-
ture. Relying on techniques that estimate a dense eld (sscstereo and shape from
shading) makes this dif cult, due to the fact that such mdthare noisy, especially at
depth discontinuities.

Boult and Wolff [15] proposed to use polarization to distingh occluding edges,
specular edges, and albedo edges, assuming smooth diedeictaces. A linear polar-
izer is placed in front of the camera sensor and multipleypés of the scene are taken
with the polarizer at different orientations. The polatiaa properties of occluding,
specular, and albedo discontinuities is exploited for eclgesi cation. The method
fails for rough surfaces or when the direction of the lightree (which is assumed
to be unpolarized) approximately aligns with the surfacgeeorientation. Moreover,

many images (about twenty) need to be captured to achiesenahle results.

10
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Gevers [38] exploited color information to classify edgesading to their physi-
cal origin. Different color spaces are proposed which shomesinvariance to object
geometry, specular highlights, or shadows. Color edgectieteis applied on these
color spaces and a set of rules is used to classify edgediatios/ or geometry edges,
highlight edges, and material edges. Although the systawslsome success to de-
tect surface normal and illumination discontinuitiessihot capable of discriminating
depth edges from material transitions.

Separating illumination discontinuities from albedo ohpes has been addressed
as the problem of computing intrinsic images [112, 117]. pEapet al. [112] use
color information and a classi er trained to recognize gemale patterns in order to
classify image derivatives as being caused by re ectandkuonination changes. The
Retinex algorithm [61] also deals with the same problemyimgl on the assumption
that the gradients along albedo changes have a sharpimartgimpared to the gradual
transition in illumination discontinuities.

Numerous methods have attempted to detect motion discotiéimin optical ow
elds by analyzing local distributions of ow or by performg edge detection on the
ow eld [101, 114]. It has often been noted that these meth@ie sensitive to the
accuracy of the optical ow and that accurate optical ow iart to estimate without
prior knowledge of the occlusion boundaries. Black and ] proposed a Bayesian
framework to detect and track motion discontinuities ptolistically. Their generative
model allows explicitly modeling of which image pixels arectuded or disoccluded
between frames, which was not possible with previous amgesm Birch eld [11]
deals with the problem of motion discontinuity detectiontlgcking a sparse set of

features throughout the sequence, grouping them accaotalisng af ne motion model,

11
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and tracing the boundaries among the groups.

2.1.1 Detection of Depth Discontinuities

Many methods have been proposed to deal with depth discoti¢isiin 3D recon-
struction, mainly in stereo matching. Standard methodsati@tepth edges by post-
processing, i.e., by nding discontinuities in a previousbmputed depth map [37].
Recent techniques have been proposed to estimate depth sidydtaneously with
the full correspondence map in stereo [12, 50, 5]. In the segtion we will review
these techniques in the context of dense stereo matching, e focus on methods
that estimate depth discontinuities directly, without s2neconstruction.

Few attempts have been made to detect depth edges withoptidtaghdense scene
reconstruction or disparity maps. Most of the proposedriggtes rely on nding T-
junctions from a single image [7] or detecting partial osslions to infer depth discon-
tinuities from a stereo pair [26].

T-junctions correspond to photometric pro les shaped BK&”, which is formed
where the edge of an object occludes a change in intensiteibackground (Figure
2.1). There have been two predominant approaches to defentfions: gradient or

lter-based approaches [35], which exploits the local mdes of the image gradient
near junctions, and model-based approaches [75], whictoapp the problem by t-
ting an explicit junction model at hypothesized junctiomdtions. In a more recent
work, Apostoloff and Fitzgibbon [7] learn the appearancd-gdinctions in video se-
guences, by analyzing spatiotemporal volumes. They usasity edges to interpolate
T-junctions in order to nd occluding contours. Since manyulctions may also oc-

cur in texture edges, and given that many depth edge pixels@irassociated with

12
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Figure 2.1:T-junctions as cues for depth discontinuities (from Biwld [11]). Left:

Original image with a white box highlighting a T-junction.igRt: Manually-drawn

depth contour with corresponding T-junctions.

T-junctions, these techniques are fairly limited to detlsith discontinuities.

Using local detectors to nd partial occlusions in an imagér fis another approach
to infer depth discontinuities directly. Partial occlusipoints are those that are vis-
ible in only one of the two views provided by the binocular gty system. Every
occlusion is associated with a depth discontinuity ancetioee can be used as a cue to
detect depth edges.

Wixson [119] proposed an algorithm based on partial ocotlusietection that es-
tablishes correspondence between intensity edges indtepgpair. The left and right
regions of the edges are examined, and if one of them has aolmespondence score,
a depth discontinuity is declared. We refer to the recentesuconducted by Egnal
and Wildes [26] for other partial occlusion detector apptes. Depth edge detection
based on these techniques has two key limitations: 1) & failtextureless regions,
as the stereo pair needs to contain su cient texture to attowespondence and 2)
although every occlusion is associated with a depth diswoity, not every depth dis-

continuity is associated with occlusion. For example, ¢heethods are not able to

13
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detect depth edges that lie along boundaries parallel tetdreo camera baseline, be-
cause these discontinuities do not give rise to occlusions.

Huggins et al. [46] analyze the appearance of occludingozoator folds under
variable illumination, and nd that the pattern of shadirngan depth discontinuities is
a stable feature. Based on this analysis, they derive atdtélentify occluding edges
in images. This method assumes that the surface is localbpgmwhich fails for a
at foreground object like a leaf or piece of paper. They @etegions near occluding
contours but not the contours themselves.

Multi- ash imaging has been recently proposed by Raskat.g8a, 86] to extract
depth edges from complex scenes and automatically credieestimages. To our
knowledge, this is the rst active illumination method poged to detect depth edges
directly, with signi cant better results than previous pa® approaches. We will de-
scribe the basic idea of this method in the next chapter asul éxplore multi- ash
imaging in a more general way to detect depth edges underexr watiety of condi-

tions.

2.2 Depth Recovery Techniques

Extensive research has been done to recover a depth mapnfrages, but produc-
ing accurate results near depth discontinuities is stithalenging problem for most
techniques. Multi-view triangulation approaches, suchktaseo or structure from mo-
tion, suffer from the partial occlusion problem near didomunties, requiring a point to
be visible in at least two views to be reconstructed. Sivgger photometric methods,

including shape from shading and photometric stereo (whithbe discussed next
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section), estimate a eld of surface normals, rather thaeg@ttdmap. Surface normal
integration to obtain depth information is an ill-posedigem for scenes with depth
discontinuities [79].

Laser striping scanning methods [78] project a moving stopto the scene and
estimate depth by triangulation. Methods based on multgder stripes projected
simultaneously are also available, even in compact formd8][1but are in general
designed for smooth objects. Temporal laser scanning agheldcstructured light [45]
allow each point viewed by a camera to have a speci c codewtrais facilitating
correspondence and depth estimation. These techniquielsendiscussed in Section
2.2.1 in the context of active stereo matching. Finally,lmoes based on time-of- ight
[39] produce accurate depth maps from complex scenes, ®deaxgensive and require
specialized hardware. Next we discuss depth recovery rdsth@ased on dense stereo

matching, which will be the topic of Chapter 4.

2.2.1 Dense Stereo Matching

Stereo techniques including passive and active illumamedire generally designed
to compute depth values rather than to detect depth edgesh Biscontinuities present
dif culties for traditional stereo; it fails due to partiacclusions, which confuse the
matching process [53, 12]. A comprehensive survey of pasiereo matching tech-
niques was recently presented by Scharstein and Szeli3ki[{xt we will give em-
phasis to techniques that model depth discontinuities aatusions explicitly. We
consider only binocular stereo; the reader is referred écstirvey presented by Seitz
et al. [96] for multiple view stereo methods. We will alsodaiss active illumination

approaches for stereo matching.
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Passive Stereo

In general, dense stereo techniques can be classi ed asdogéobal, depending
whether they rely on local window-based computations ontireémization of a global
energy function. In local-based methods, the disparity matation at a given point
depends only on intensity values within a nite window. Qlgathese techniques
assume that all pixels within the window have the same ditypand thus are sensitive
near object boundaries. Okutomi and Kanade [52] attemplid¢viate this problem
by varying the window size at each pixel, and choosing the giat minimizes the
disparity uncertainty. In similar work, Kang et al. use #hitile windows [53] for
dealing with discontinuities in local stereo.

Occlusion has been modeled explicitly through global oation approaches
based on dynamic programming [9, 47, 12]. Stereo matchirigrimulated as nd-
ing a minimum cost path in the matrix of all pairwise matchowsts between two
corresponding scanlines. These techniques, howeven, siftev a streaking effect (as
scanlines are matched independently) and assume ordemsgraints, which may be
violated with thin objects in the scene.

More recently, global stereo approaches based on Markoddrarfields have
received great attention [111, 93]. These methods miniraizenergy function (us-
ing e.g., belief propagation [106] or graph cuts [56]) thatludes a data term and a
smoothness term. Although discontinuities and occluseam lee explicitly modeled
[56, 104], intensity edges and junctions are generaly usedies for depth discontinu-
ities. ldeally, smoothness constraints should be suplesdg at occluding edges, not

at texture or illumination edges.
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Active Stereo

The correspondence problem can be signi cantly simpli gdusing active illumi-
nation methods based on structured light [90, 94]. A stmectlight system is based
on the projection of a single pattern or a set of patterns tascene which is then
viewed by a single camera or a set of cameras. Since thepatierbe coded, cor-
respondences between image points and points of the prdjpetitern can be easily
found. In general, coded structured light methods can b&sicé in the following
groups [90]: time-multiplexing, neighborhood codi catipand direct codi cation.

Time-multiplexingr temporal coding [81, 45] is the most common pattern projec
tion technique. The basic idea is to project a set of diffepatterns successively onto
the scene, so that each point viewed by a camera has a spedeword (formed by
the sequence of illumination values accross the projecittenms). For binary codes,
only two illumination levels are used, so that the codewordsach pixel is formed by
a sequence of O's and 1's, as shown in Figure 2.2. The mainldrekvof using binary
codes is the large number of patterns which need to be pesi¢otgive each pixel a
unique code. Techniques based on n-ary codes [45] handleribiblem, usually pro-
jecting patterns with grey-level stripes. Detecting npléiillumination levels in the
image makes the system more sensitive to noise, though.

In general, methods based on time-multiplexing allow aaticomputation of cor-
respondence maps, but are limited to handle dynamic sc&nes,the captured images
need to be registered. Thisissue is addressettlghborhood codi catiortechniques,
which project a single pattern with pixel coding based onatiapneigborhood [124].
However, the methods are limited in their ability to prodaceurate results near depth

discontinuities, as local smoothness of the measurin@sairis assumed in order to
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Figure 2.2:Structured light methods based on temporal coding projadtipte pat-

terns successively onto the scene, so that each point vigneedamera has a speci ¢

codeword.
correctly decode the pixel neighborhood.

Direct codi cationtechniques use projected patterns that allow the entireveonti
to be contained in a unique pixel. In order to achieve thiss mecessary to use a
large range of colour values in the pattern or introducegaieity. As an example,
Tajima and Iwakawa [108] use a color-based, rainbow paffi@ripixel coding and
triangulation. The perceived colors depend not only on tlogepted color, but also
on the intrinsic color of the measuring surface. This me&aasih most cases one or
more reference images must be captured. Direct codi cati@thods are useful for
achieving large spatial resolution with few projectingtpats, but are quite sensitive
to camera sensor noise.

Space-time stereo [126, 22] was proposed as a unifying fremkefor passive and
active stereo techniques. Passive stereo typically i@srfeatures purely in the spatial
domain, i.e., correspondence is found by determining aiityl of pixels in the image

plane. Coded structured light makes use of features whecpredominantly in the
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temporal domain. That is, features with similar appearanay time are likely to
correspond. Space-time stereo identi es correspondiatufes in both the space and
time domains.

Overall, compared to passive stereo techniques, struthigie methods offer high
guality correspondence maps and 3D acquisition, but areneml much more expen-

sive and limited to indoor scenes.

2.3 Photometric Techniques

Many photometric methods for 3D reconstruction such aseslfrapn shading and
photometric stereo have been proposed over the last dec&fferently from the
stereo techniques presented in the last section, thesedsadkioid the correspondence
problem and estimate surface normals, rather than depttgpityring images with the
same viewpoint, but under different lighting conditions.

Shape from shading [44] attempts to estimate a eld of s@famrmals (which may
be integrated to produce a surface) from a single image w&ptuith a known light
source position. The idea relies on the fact that the intgmasieach pixel in the im-
age depends on the light position, the local surface noramal the surface re ectance
properties. The technique requires a number of restristiorhe illumination must
come from a single light source which is either collimatedistant enough to approx-
imate a collimated light source. Also, surface re ectareassumed to be Lambertian
with uniform albedo. Even with these restrictions, the peabis still ill-posed - the
intensity at a particular pixel provides only one constraivhereas the correspondent

surface normal is speci ed by two parameters. As a resulstresbape from shading
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methods apply another constraint, tipically the smootlioéthe reconstruction, which
causes problems at occluding boundaries.

Photometric stereo was introduced by Woodham [121] to @maecsome of these
problems. Rather than using a single image, multiple pastwf the scene are cap-
tured with the same viewpoint, but with light sources plaicedifferent positions. By
considering a Lambertian surface, and capturing at leas¢ images with variable il-
lumination, not only the eld of surface normals can be estied, but also the surface
re ectance factor (albedo).

Hertzmann and Seitz [43] recently introduced a photomestieéceo approach to
handle objects with arbitrary and spatially varying BRDBg&l({rectional Re ectance
Distribution Functions). In fact most real-world objea¢sact light in a wide range of
different ways, violating the Lambertian scene assumptiade in most previous work
on photometric stereo. They use reference objects in theesegh similar materials
and known geometry. Shape inference is based on the assurntipdit points with the
same surface orientation must have the same or similar egopEsin an image.

Photometric stereo methods are capable of reconstrutigjiape of objects with
uniform albedo, thus complementing conventional sterduchvis best for textured
surfaces with varying re ectance. They work well for smoatirfaces, but are typi-
cally unstable around depth discontinuities [91]. Otherrses of error in photometric
stereo include camera sensor noise, innacurate calibrafibght source directions,
and artifacts such as shadows and specular highlights. Anmmniimitation of ex-
isting methods is that the light sources need to surrounalipect in order to create
suf cient shading variation from (estimated or known) 3IgHt positions. This re-

quires a xed lighting rig, which limits the application dfiése techniques to industrial
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Figure 2.3:Helmholtz Stereopsis (from Zickler et al. [127]). First andge is ac-

quired with the scene illuminated by a single point sourcetasvn on the left. Then,
a second image is acquired after the positions of the camadhlight source are

exchanged as shown on the right.

settings; such a setup is impractical to build into a sefftamed camera.

Helmholtz stereo [127] combines active lighting with viesut variation to es-
timate both surface normals and depth with arbitrary serfi@ectance. The idea
behind Helmholtz stereopsis is to exploit the symmetry ofame re ectance, com-
monly referred to as Helmholtz reciprocity. The image asifjigin proceeds in two
simple steps: rst, an image is acquired with the objectieciuminated by a single
point light source. Then, the positions of the camera arat kgpurce are exchanged,
and the second image is acquired, as shown in Figure 2.3. ddyiraty the images in
this manner, they ensure that for all corresponding pomtise images, the ratio of the
outgoing radiance to the incident irradiance is the sames i§hn general not true for
stereo pairs - unless the surfaces have Lambertian re eetan

The ability to estimate object geometry in scenes contgisurfaces with arbi-
trary, spatially varying BRDFs (without requiring refecenobjects, as in [43]) is a

very powerful feature of Helmholtz stereo. Specular higiis in reciprocal image
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pairs essentially become features for correspondendesrrdtan a source of error. In
general many reciprocal pairs need to be captured for abtpsmccurate 3D recon-
struction results. A binocular approach has been recemtlpgsed [128], where the
problem is formulated as solving a partial differential agon, but it works only for

smooth surfaces. The authors in fact mention that shadould te used as cues for
detecting depth discontinuities and enhancing the approAoother disadvantage is
that the camera and light source must be calibrated and mowegrecise and con-

trolled fashion.

2.4 Shadow-Based Methods

Although shadows are often treated as a source of noise mesggtion and pho-
tometric techniques, they carry valuable 3D informatioonwlsurfaces in the scene.
Techniques for 3D reconstruction based on shadows havelil@tage that they do
not rely on correspondences, on a model of the surface r@eet characteristics, and
they may be implemented using inexpensive lighting anav@ging equipment [92].

Shape from shadows [54], or shape from darkness, is commefdyred to de-
scribe surface reconstruction methods based on shadows.id€h is to capture a
sequence of images of the scene from the same viewpoint drfterent lighting con-
ditions and then use only the shadow information to recansthe surface. Most
methods assume that the surface is terrain-like, i.e.nibeadescribed as a continuous
function and rests on a reference plane, which is at a knostarte from the viewer.
The light source position needs to be known and both the caaret light are assumed

to be at a suf ciently large distance from the scene, so timasumption of ortographic
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Figure 2.4:The goal of shape from shadows is to estimate a surfacefgficeusing
the shadow information from multiple images. We have ) = tan and
f(xp) f(xe)= fAXp)(Xe Xp). Using data for many angles an estimate of the
continuous functiofi (x) can be made.

projection and parallel light rays holds. Also, existingthwels assume that the start
and end of the shadows can be found reliably in the images.

Different techniques have been proposed to estimate shampeshadows in com-
puter vision. Hatzitheodorou and Kender [42] presented #haakto recover a cross
section or surface slice from a set of images with moving eivad Assuming that the
slice contour is de ned by a smooth function - and that theito@igg and end of each
shadow region can be found reliably — each pair of points dmgna shadow region
yields an estimate of the contour slope at the start of thdmhaegion, as well as
the difference in height between the two points, as showngdarg 2.4. This shadow
information from multiple light source positions is theredgo obtain an interpolating
spline that is consistent with all the observed data points.

Raviv et al. [87] developed a shape from shadows method @sedepresenta-

tion calledshadowgram The object is set on a known reference plane with a camera
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directly above. A dense set of images is captured as the dighitce continuously
moves in an arc over the object. The shadowgram consistsimagylfunctions(x; ),
wherex is the spatial dimension andis the angle of the light rays with the reference
plane. For each positioxn and angle , s(x; ) indicates whether or not the pixel
was in shadow when the light angle wasSurface reconstruction can be obtained by
integrating this representation.

More recently, Daum and Dudeck [21] considered surfacenstcaction for light
trajectories that are not a single arc, allowing the 3D retroiction of the entire scene,
rather than just a cross section of the surface. Yu and CH&3j ombined shape from
shadows with shape from shading, using a graph-based ezpa¢ion for encoding
shadow constraints.

The above methods are sensitive to errors due to inaccugatesburce position
estimation and detection of the boundaries of shadow regiofang [122] consid-
ers the problem of shape from shadows with error. He presentsdi ed form of
Hatzitheodorou and Kender approach, in which linear pnognang is used to elim-
inate inconsistencies in the shadow data used to estimatsutifiace. Kriegman and
Belhumeur [58] analyze the shape from shadows problem wikmown light direc-
tions.

Shadow carving [92] was proposed by Savarese et al. as adeehto re ne the
3D reconstruction of objects given an initial conservaggémate of the object shape.
The idea is similar in spirit to the space carving approackugtilakos and Seitz [59].
In space carving, voxels are carved out of a region of spadesing the object if they
do not project consistently into a set of captured imageshhadow carving, the con-

sistency is considered between a camera and light viewsrrdtan multiple camera
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views. Consistency can be tested robustly by detectingasstedwvithout requiring a
Lambertian surface. In general the method can not createeaeatail object recon-
struction, but yields good shape estimates, which can b& asatart point for other
3D reconstruction techniques.

Bouguet and Perona [14] proposed a method for capturing 3facas based on
weak structured lightingThe user moves a pencil in front of the light source casting
a moving shadow on the object. The 3D shape of the object raaet from the
spatial and temporal location of the observed shadow indpéuced images. The use
of a pencil to cast shadows on the object contrasts with pusvshape from shadows
methods that use self-shadows (i.e., shadows cast by thetalgon itself). Compared
with structured lighting techniques, this approach offieiss accurate results, but a
much simpler and inexpensive system, which can also be useldars considering
the sun as the light source.

Shadows have also been used in the interpretation of aerades [48] and for
interactive applications. Segen and Kumar [95] descrit®stem which uses shadow
information to track the user's hand in 3D. They demonsttatgplications in object
manipulation and computer games. Leibe et al. [64] presdhteconcept of percep-
tive workbenchwhere shadows are exploited to estimate 3D hand positidipaimt-
ing direction. Their method used infrared lighting and wasdnstrated in augmented

reality gaming and terrain navigation applications.
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2.5 Computational Photography

Computational Photography is an emerging new eld creaietthb convergence of
computer graphics, computer vision and digital photogyafihis eld encompasses
computational methods and novel imaging techniques tleatised to overcome the
physical limitations of a camera, such as dynamic rangejugsn and depth of eld.
[23, 98, 2].

A recent trend in computational photography research isdia of taking multi-
ple photographs of a scene with varying camera/scene p&eswad combining them
to synthesize a new image. Examples of this approach indreting high dynamic
range images by combining photographs taken at differepps®xes [23], creating
mosaics and panoramas by combining images taken from eliffeiewpoints [107],
synthetically relighting images by combining photografaten under different illumi-
nation conditions [6], producing a high-resolution imaga a set of low-resolution
images [98], and capturing images with variable focus fatlsgtic aperture photog-
raphy [2]. Many of our techniques presented in this dissieridbelong to this frame-
work. Another recent direction in computational photodmafs the use of ash-based

methods, which are discussed next.

2.5.1 Flash Photography

Flash-based techniques have been widely adopted in theutengraphics com-
munity in recent years. Different approaches that take atdgge of ash photography
have been proposed, with applications in removal of noiserarection artifacts, im-

age matting, and 3D geometry acquisition, to mention jusia f
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Petschnigg et al. [80] present different techniques to ¢coenbnages captured
with ash and without ash, in order to enhance photographstsin dark environ-
ments. Ambient (no- ash) images offer the advantage of wapg the visual richness
of the environment, but suffer from noise and blur. On theeptrand, ash images are
desirable to avoid noise and preserve ne details in the escéfowever, objects near
the camera are disproportionately brightened, and the reeoked by ambient illumi-
nation may be destroyed. In addition, the ash may introduic&anted artifacts such
as red eye, harsh shadows, and specularities, none of wiagbaet of the scene. In
order to combine the advantages of ash and no- ash imagesptie bilateral lter is
used to decompose the two images into ne detail and large $mgers. An enhanced
image is then generated by using the large scale layer ofithesat image and the ne
detail of the ash image. The result preserves the ambiemd¢keooriginal lighting,
while providing the detail and sharpness of the ash imageskown in Figure 2.5.
Shadows and specular re ections are detected in the aslyémeing simple heuris-
tics to reduce artifacts. Other features are also presgimedding interactive change
of ash intensity, white balance and red eye removal. In ecorent work, Eisemann
and Durand [27] developed similar techniques to enhancéoptfoom ash and no-
ash image pairs. The main difference is that the color ofabgut image is from the
ash image, which is less noisy, but requires more work taecirfor ash shadows.

Flash and no- ash image pairs are also used by Agrawal edto[remove arti-
facts such as glass re ection from photographs. The appr@abased on the obser-
vation that the gradient orientations in the ash image arkerent with the gradient
orientations in the ambient image, except at regions witth ar ambient artifacts. By

using a gradient projection technique, the component ofeaadients that are intro-
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Flash No-Flash Detail Transfer with Denoising

Figure 2.5:Image enhancement using ash and no- ash image pairs (fretséhnigg

et al. [80]). A ash image captures the high-frequency testuout changes the

overall scene appearance to cold and gray. The no- ash inwgeures the overall

appearance of the warm candlelight, but is very noisy. Thaidaformation from the

ash image is used to both reduce noise in the no- ash imagg sirarpen its detail.
duced by undesirable re ections can be eliminated to preducenhanced re ection-
free image. Interestingly, the eliminated gradient congms can be further integrated
to obtain the re ection layer. They also show techniquesampensate for the falloff
in the ash image brightness due to depth and improve dynaarige, using several
images taken under different ash intensities and expasuvkore recently, Agrawal et
al. [3] demonstrate edge suppresion techniques using srnagbe same scene under
variable illumination. Among other tasks, they show howamove ambient shadows
by supressing edges in the ambient image that do not exiseirash image.

Paterson et al. [76] uses ash photography for object 3D geoyrand re ectance
acquisition. The key components of their system consistsiadard digital camera
with a single ash light and a calibration target with knowducials, which is attached
to the object. Multiple pictures of the object are then cegduby moving the camera

at different viewpoints. The known calibration target getmp is used to calculate

the camera pose, light position, and a recti ed view for egolrce image. Using
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the set of rect ed images, photometric stereo is appliedstoreate object re ectance
and surface normals. The main problem with this approadmaisthe object needs to
be approximately planar (e.g., a brick wall or a hand) so tivatrecti ed images are
properly aligned. It also fails for highly specular objects

3D surface reconstruction based on ash photography hasheen addressed re-
cently by Crispell et al. [20]. They use multi- ash imagin8d, 86] to capture multiple
images of an object in a turntable. The detection of deptbodisnuities is then ap-
plied to improve shape from silhouette approaches [19,@@[ucing better results at
surface concavities. The reconstruction output tend t@ lyaps in areas of very low
surface curvature, so a surface tting algorithm is necgsgabridge the gaps.

Another ash photography application that has been exptbrecently by Sun et
al. is image matting [105]. The key observation here is thatmhost noticeable differ-
ence between a ash and no- ash image pair is the foregroumelod if the background
scene is suf ciently distant. Based on this fact, they ps®pa Bayesian matting algo-
rithm that is able to extract high quality mattes from comgdackgrounds. The method

fails when the scene contains objects with low albedo orectoghe background.

2.6 Beyond lllumination and Viewpoint

Thus far we have discussed methods based on the variatiamafra viewpoint and
illumination parameters. We now brie y analyse techniqtlest exploit other camera
and scene parameters, such as focus, exposure, apertumgsseind new photographic
imaging systems.

Methods based on variable camera focus [29] have been digraesigned to es-
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timate a depth map from a number of images captured withrdiitefocal settings.
The main assumption, common to most algorithms availabtéeniterature, is that
the scene iocally approximated by a plane parallel to the image plane. Thiallsea
theequifocal assumptioand it allows describing the imaging process as a linear con-
volution. However, this assumption smears shape detailssamvalid across depth
discontinuities. Recently, Zhang and Nayar [125] propas@dethod that uses struc-
tured light and temporal defocus analysis to handle thislpro, obtaining accurate
depth estimates near discontinuities. On the other handy nmaages of the scene
need to be acquired for the depth map estimation.

Variable aperture has been exploited by Hasinoff and Kitgd41] to avoid the
local window processing in depth from focus. They rely on thafocal constancy
property, which states that as the lens aperture varies, the pixaisity of a visible in-
focus scene point will vary in a scene- independent way,dhatbe predicted by prior
radiometric lens calibration. Good results are shown as@eresolution for scenes
with high geometric details and ne texture (like hair, ong etc.). The method is
limited to handle large untextured areas and has a slow sitiqui time, as multiple
images with different aperture and focus settings need tmpaured.

Methods based on the variation of camera exposure time [23% been widely
used to obtain high dynamic range images. The idea is to takephe photographs
of the scene with different amounts of exposure to recovereésponse function of the
imaging process. With the known response function, theutagtphotos can be fused
into a single, high dynamic range radiance map whose pixeesgaare proportional to
the true radiance values in the scene. In a different agitalia et al. [51] combine

short with long exposure images to retain the color of theglexposure image, while
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avoiding the noise of the short exposure image. More regeRéskar et al. [83] pro-
posed coded exposure photography, by uttering the camalaitter open and closed
with a binary pseudo-random sequence, in order to avoidamdiur.

Time variation (i.e., capturing images at different timestants and processing
them) has been exploited for different applications, idolg shape-time photogra-
phy [36], interactive digital photomontage [2], and dagttti fusion [84]. With the
advent of inexpensive digital image sensors, large canmreagsa[118] have been used
in different scenarios, such as high speed videographyligimdeld rendering. Also,
signi cant research has been done to create novel imagmgpss for computer vision
and graphics. As an example, compact plenoptic camerasajd been proposed by
inserting a microlens array between the sensor and the mas) &llowing automatic

digital refocusing and applications in range nding.
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Varying lllumination Parameters for

Robust Depth Edge Detection

In this chapter we rst describe our basic algorithm for deptge detection (initially
proposed by Raskar et al. [85, 86]) which relies on a simptkiaaxpensive mod-
i cation of the capture setup: a multi- ash camera is usedhwashes strategically
positioned to cast shadows along depth discontinuitieserstene, allowing accurate
shape extraction. Then, we show that by varying illuminaparameters, such as the
number, spatial position, type, and wavelength of lightreses, we are able to handle
fundamental problems in depth edge detection, includingivecale depth changes,
specularities, and motion. Our techniques are simple téeément, and require neither

calibration nor parameter settings.
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Figure 3.1: Imaging geometry. Shadows of the gray object are createdgathe
epipolar ray. We ensure that depth edges of all orientaticneate shadow in at least
one image while the same shadowed points are lit in some ottage.

3.1 Depth Edges with Multi-Flash

The depth edge detection method is motivated by the obsemiiat when a ash
(closeto the camera) illuminates a scene during image capture,siivers of cast
shadow are created at depth discontinuities. Moreoveipadis@ion of the shadows is
determined by the relative position of the camera and thik: aghen the ash is on the
right, the shadows are create on the left, and so on. Thug, dam shoot a sequence of
images in which different light sources illuminate the sdbjfrom various positions,
we can use the shadows in each image to assemble a depth gagsingathe shadow

images.

3.1.1 Imaging Geometry

In order to capture the intuitive notion of how the positiontlee cast shadows
are dependent on the relative position of the camera antldmirce, we examine the
imaging geometry, illustrated in Figure 3.1. Adopting ahmle camera model, the

projection of the point light source & is at pixele, on the imaging sensor. We call
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thisimageof the light source théght epipole The images of (the in nite set of) light
rays originating aPy are in turn called thepipolar rays originating ate.

There are two simple observations that can be made abogleddws:

A shadow of a depth edge pixel is constrained to lie along piy@odar ray passing

through that pixel.

When a shadow is induced at a depth discontinuity, the shaawhe light

epipole will be at opposite sides of the depth edge.

These two observations suggest that if we can detect shastpans in an image,
then depth edges can be localized by traversing the epipmjarstarting at the light

epipole and identifying the points in the image where thelehes are rst encountered.

3.1.2 Removing and Detecting Shadows

The approach for reliably removing and detecting shadowbkerimages is to po-
sition lights so that every point in the scene that is shadoiwesome image is also
captured without being shadowed in at least one other image can be achieved
by placing lights strategically so that for every light, thés another on the opposite
side of the camera to ensure that all depth edges are illuedrieom two sides. Also,
by placing the lights close to the camera, we minimize charageoss images due to
effects other than shadows.

To detect shadows in each image, we rst computghadow-free imagewhich
can be approximated with the MAX composite image, which ig@age assembled by
choosing at each pixel the maximum intensity value amongilage set. The shadow-

free image is then compared with the individual shadowedyasa In particular, for
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each shadowed image, we computertiteo imageby performing a pixel-wise division
of the intensity of the shadowed image by the intensity ofNt#eX image. The ratio

image is close to 1 at pixels that are not shadowed, and otoBeat pixels that are
shadowed. This serves to accentuate the shadows and remensity transitions due

to surface material changes.

3.1.3 Algorithm

Codifying the ideas discussed we arrive at the following&atgm. Note that the
shadowed imagek; in the algorithm below have ambient componéptremoved,
wherel is an image taken with only ambient light and none of thikght sources

on.

Givenn light sources positioned &;; P:::P,,
Capture ambient imade
Capturen picturesl y.o, k = 1::n with a light source aPy
Computely = lxo lo
For all pixelsx, I max (X) = max(I«(x)), k =1:n
For each image,
. Create aratio imag®&y, where
Ri(X) = 1k(X)=Imax (X)
For each imag&y
. Traverse each epipolar ray from epipeje
. Find pixelsy with step edges with negative transition

. Mark the pixely as a depth edge
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The following con guration of light sources is adopted: foashes at left, right,
top and bottom positions (Figure 3.2(a)). This setup makesepipolar ray traversal
ef cient. For the left-right pair, the ray traversal is aphorizontal scan lines and for
the top-bottom pair, the traversal is along vertical ditt Figure 3.2(b) illustrates
ratio image traversal and depth edge detection. We refeut&mgraph 2004 paper

[85] for more details on the algorithm and discussion witate techniques.

3.1.4 Limitations

In spite of the robustness of this method in real-world sseitdas the following

limitations:
Limited to handle outdoor scenes, due to sun light;
Fails with specular re ections;
Limited to detect depth edges in multiple scales;
Fails with transparent or low albedo objects;
Depth edges are not detected if there is no background,;
Limited to handle dynamic scenes.

Next we will describe some of these problems and providetigoisi in a common

multi- ash imaging framework.

36



Varying Illumination Parameters for Robust Depth Edge Detection Chapter 3

(b)

Figure 3.2:(a) Multi- ash camera. (b) From left to right: photo, ratioriage, plot
along an epipolar ray (the arrow indicates negative traimsis) and detected edges.

3.2 A Multi-Baseline Approach

Depth discontinuities in real world scenes are associai#d different amounts
of depth changes, referred as “jumps of discontinuities’Brgh eld [11]. Ideally,
we want a method that is able to detect depth edges at ditfecates, ranging from
tiny to large changes in depth. We will show how to deal witis toroblem by tak-
ing advantage of the spatial position of the light sourceyur multi- ash imaging

framework.

3.2.1 Baseline Tradeoff

Depth edges associated with small changes in depth mighti$sedidue to an
undetectable narrow shadow width, caused by a small carasiabaseline. On the
other hand, a larger baseline may cause detached shad@asateel from the object),
leading to false depth edges.

In order to analyze this problem in more detail, we look atithaging geometry
of the shadows, depicted in Figure 3.3a. The variables waebhref (camera fo-

cal length),B (camera- ash baseline}k;, z, (depths to the shadowing and shadowed

37



Varying lllumination Parameters for Robust Depth Edge Detection Chapter 3
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Figure 3.3:(a) Relationship between baseline and shadow width. (bX@ions for
undetectable shadow and shadow detachment.

edges)D (shadow width) andl (the shadow width in the image plane). We have that

d_— D D
£ = Zand22 -

= ZB—l. It follows that the shadow width in the image can be computed

with the following equation:

_fB(z z)
B 212>

d (3.1)

For small depth changes in the scene, far away from the camer@ossible that
fB (zz z;) <z1z. Inthis case, the shadow will not appear in the image, leattin
missing depth edges.

We note that there are two ways of solving this problem: eM®improve camera
resolution, with larger focal length, or we use a wider camera- ash baselBewhich
iS more convenient, since camera resolutions are limitealvéy¥er, a larger baseline
may cause detached shadows, mainly in narrow objects.T Us¢ the width of the
object. Analyzing Figure 3.3a, we note that as we increasebtiseline, poinP;
moves towards poin®,. Shadow detachment will occur when pofit passes over

pointP,. When they are at the same position, from the imaging gegmvegrhave that
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-7 = 2. Itfollows that if the amount of depth change z; > 22, the shadow

will be separated from the object and a false depth edge withlrked. Figure 3.3b

illustrates the two main conditions of the baseline trafleof

3.2.2 Proposed Solution

Our approach to handle the baseline tradeoff is to use a-tmastline photometric
method, where extra light sources are placed at differeselvees, as shown in Figure
3.4a. With this new con guration, we are able to detect degatbes associated with
small changes in depth (using large baselines), withouticrg shadow separation in
narrow objects (using small baselines).

The main question is how to combine the information of thegesataken with
ashes at different baselines. A simple, yet effective waya just take the minimum
composite among the images. Provided that the light soweesuf ciently close to
each other, the shadows in different baselines will mergaidang detached shadows,
while preserving suf ciently large shadow widths.

In our implementation setup, we used two different bassl{see Figure 3.4b). Let
Fs and k. be the small and large baseline ashes, respectively. Tasressentially

four cases we need to consider at depth edges (Figure 3.5):

() Fs creates an undetectable narrow shadow andr&ates a detectable shadow;
(i) Fs creates a detectable small width shadow andréates a larger width shadow;

(i) Fs creates a detectable shadow butdfeates a detached shadow that overlaps

with Fs shadow;
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(a) (b)

Figure 3.4:(a) Our multi-baseline camera prototype. (b) Our implenagioh setup
with two baseline levels.

(iv) same as (iii) but the shadows of and k. do not overlap.

Note that in the rst three cases, the minimum compositetsmius suitable, but
in the fourth case, there is a non-shadowed region betweeshiddows created by F
and k. This would lead to a false depth edge along the shadow crégté . Next

we describe an algorithm to handle this problem.

Eliminating Detached Shadows

Our algorithm is based on the observation that if the staritywd a shadow created
by Fs is not the start point of a shadow created hy then the next shadow along the
epipolar ray created by, Fs a detached shadow. Figure 3.6 shows the values of the
ratio imagesalong a scanline for &and k , when shadow detachment occurs. Our

algorithm can be summarized in the following steps:

Traverse along the epipolar rays the ratio imagesndR, , associated with &

and F , respectively.
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Figure 3.5:Analysis of the four cases related to the baseline tradeofisidering a
narrow object

If a depth edge appearsiRs and not inR, (see point#\; andA, in Figure 3.6):

— TraverseR, along the epipolar ray until the next detected depth edge (se

pointB, in Figure 3.6).
— If at this position there is no correspondent depth eddedifsee poinB,

in Figure 3.6), we mark this edge as a spurious, detachedgshedie.

The last step is important to con rm the presence of a dethaiadow as well
as to ensure that no edges detected with the small baselsheFawill be marked as

spurious.
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|} Detached Shadow

Figure 3.6:Algorithm for eliminating detached shadows when the lighirses are
not suf ciently close to each other.

Note that using this algorithm eliminates the problem ireq@g), when shadows of
Fs and k. do not overlap. This solution will fail to detect depth distiouities when
even i does not create a detectable shadow or for very thin objetisre even §
creates a detached shadow. In this case, extra light socoa&sbe added to our setup.

Another interesting point is that in addition to detect deptiges under multi-scale
depth changes, we could also determine the amount of deptigeh since it is pro-
portional to the shadow width. This could be helpful in higladl vision tasks, such as

segmentation or 3D reconstruction.

3.2.3 Multi-Scale Depth Edges in Real-World Scenes

Figure 3.7a shows an image captured with a small cameratasieline. Since
there are very small depth changes in the interior regioh®fpinecone, depth edges
are missed in this region (Figure 3.7b). On the other handeifise a large baseline,
the shadow gets detached from the basket (Figure 3.7c)ntptula false depth edge

(Figure 3.7d). Using our multibaseline approach with tweele of baseline, we are
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able to eliminate detached shadows, and still preservehdsiges associated with
small changes in depth, as shown in Figure 3.7e.

A more complex example is depicted in Figure 3.8a, which shthe image of a
car engine, containing depth edges associated with diffarmounts of depth changes.
Figure 3.8b shows intensity edge detection for this imagegithe Canny operator.
Note that important shape boundaries are missing due todoivast variations, while
edges due to texture variations not associated with ocduddges confound scene
structure.

We compared our multibaseline approach with the naive sibgkeline algorithm
in such complex scene (Figures 3.8c and 3.8d). Note that etinod captures depth
edges associated with tiny and larger changes in depthhvigitot possible with our
previous setup. Figure 3.8e better illustrates this cormpay zooming into a speci c
part of the engine.

In our implementation setup, the baselines are about 50nthi@@mm. Using a
4.0 MegaPixel Canon G3, we veri ed that we can capture degbomtinuities with

changes in depth as small as 5mm at a distance no larger tB@ma®from the camera.

3.2.4 Limitations

A multibaseline system is quite dependent on the depth aaxitplof the scene.
It is possible that for some applications (e.g., extractimgrnal nger contours on
the hand), a single-baseline system will be suf cient. Tinathtions are evident for
very thin objects, where the ash closest to the camera asiseadow detachment, and
for objects very close to the background, where even the laggeline light may not

produce a visible shadow in the image. Increasing the resetiay cause problems
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due to more shading and non-Lambertian effects, wherereetlges may be marked
as depth edges.

Another limitation is the slow acquisition time, i.e., manyages of the scene need
to be captured with each ash at different periods of time fdey to cover multiple

baselines (a total of eight images for a two-baseline setup)
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Missing Edges

Figure 3.7:(a) Small baseline image and (b) correspondent depth edggd.arge
baseline image with shadow detachment and (d) corresparu#grih edges. (e) Our
nal result using our multibaseline approach.
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Figure 3.8:(a) Complex scene with different amounts of changes in déipttCanny
edge detection. (c) Depth edges computed with one singlereamsh baseline.
(d) Depth Edges computed with our multibaseline approack) Rart of the en-
gine zoomed in to compare single-baseline depth edges \titiplour multibaseline

method (bottom).
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3.2.5 Linear Light Source Analysis

As we mentioned in the previous section, There are two kediions associated
with our multibaseline technique: the slow acquisitiongiand when shadow detach-
ment occurs even for the ash closest to the camera (where@ogs edge is marked
as a depth edge).

We handle these issues in our framework by varying anothenihation parame-
ter: the type of the light source. We basically use linedrtbgas shown in Figure 3.9a,
so that we are able to cover different baselines with a faageracquisition. For this
particular setup, four images are required to be captur@d@s original algorithm.

We need to consider three cases for detecting depth eddebneiar light sources:

(i) No shadow detachment occurs.
(ii) Only part of the linear light source causes shadow dataent.

(i) Shadow detachment occurs for any point along the litigiat source.

Figure 3.9b illustrates case (i). As typical for linear ighwe have the umbra
region (extending fromA to B), where all the light from the source is completely
blocked by the object, and the penumbra region (extendimg B to C), where the
shadow is partial, i.e., only part of the light is blocked. the ratio plot, we have a
sharp negative transition ¥ and thus the depth edge can be correctly marked.

Case (ii) is shown in Figure 3.9c. Here, part of the light seutauses shadow
detachment (region from to B). Right before pointA in the gure, the object is
being illuminated by all the light from the source, but atrgd\ most of this light is

blocked (remaining only the light due to shadow detachment)s causes a drop in
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Figure 3.9:(a) Prototype setup with four linear light sources. (b) Cé8enalysis.
(c) Case (i) analysis. (d) Case (iii) analysis.

the ratio plot, and thus the depth edge can be correctly dafk®mA to B, there is
a smooth transition until the light is completely blockedhen, as in case (i), we have
a smooth positive transition fro@ to D.

Finally, Figure 3.9d illustrates case (iii), where all thargs along the linear source
cause shadow detachment. This means that the region&rtmnB is fully illuminated
by the linear light and thus the depth edge can not be detexsetere is no sharp neg-
ative transition in the ratio plot. On the other hand, no sjpus depth edge is marked

due to shadow detachment. The reason is that there is a smegd#tive transition
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Figure 3.10:(a) - (d) Image capture with four linear light sources. (e)tRdamage

associated with right ash. Note the smooth negative andtpestransitions along
the detached shadow. (f) Ratio image associated with botsim Here we have
sharp negative transitions along depth edges. (g) Deptle exom dence map. No
spurious edges are marked due to detached shadows.

(rather than a sharp drop) froB to C until the light is completely blocked. This is
important for speci ¢ applications, such as non-photastal rendering, where mark-
ing spurious edges may be much more undesirable than mssing depth contours.
As in cases (i) and (ii), we have a smooth positive transiiom D to E. Depending
on the length of the linear source, it could be possible thatshadow detachment re-
gion is large enough so that poi@tpasses over poirid, but still the same properties
would remain valid.

The usefulness of linear lights in real scenes is demosestiatFigure 3.10. The
image capture with four linear light sources (40W, 6-inchuiar bulbs) is illustrated

in Figures 3.10a-d. The ratio image in Figure 3.10e showstaced shadow with
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a smooth positive and negative transition (case (iii)). iguFe 3.10f, the ratio image
contains only attached shadows with sharp negative transiat depth contours. The
depth edge con dence map, which is basically formed by abfiamthe results of a
Sobel operator on the four ratio images, is shown in Figut8@. Note that there are
no spurious edges due to detached shadows. We are not pngcgsscular re ections

for this scene, so additional edges appear on the basket.

Discussion

Linear light sources are useful for detecting depth edgels miulti-scale depth
changes. They offer the advantage of fast acquisition, emeto the technique based
on point light sources described in Section 3.2.2. Alsorispis edges due to detached
shadows are avoided, even if all points along the linearcgocause detached shadows.
This is important for e.g., non-photorealistic renderingpere avoiding emphasizing
contours not associated with object shape or intensitygdsirs critical.

There are situations, however, where the use of our techrbgaed on point light
sources leads to better results. For example, case (iijifead lights (Figure 3.9c) is
more sensitive to noise, since the sharp drop in the rativipkmaller in magnitude.
Another source of error arises in complex scenes, wherdazgges may lie in shad-
owed regions, leading to undetected depth contours. Thiisssrated in Figure 3.11.
Note that this case is much more common when using lineacsswr ashes with
large baseline. Missing edges due to this problem could textdsl using the images

taken with small baseline point light sources.
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Figure 3.11:Large baseline light sources may miss depth edges that eadowed regions.

3.2.6 Lack of Background

What happens if the amount of depth change is in nite, iteere is no background
present in the scene? In this case, the external object wen{edges shared by the
foreground and the distant background) are missed in ounadetas no shadows are
created on the background.

By capturing an image with ash and another without ash, weethat the back-
ground remains the same in both images (as the ash does faut dfie far away
background, due to its intensity fall-off), but the objeeicbmes brighter in the ash
image. This information can be used to extract the extemraours of the object.

Figure 3.12a shows the max composite ash image of a toy glacdront of a
window to show the lack of background. Figure 3.12b showsctireespondent no-
ash image. By taking the ratio between the images, the edierontour of the object
can be easily segmented, as shown in Figure 3.12c. The sateairl:0 in background
and close to zero in the interior of the foreground. In thiag®a, we eliminated small

blobs due to object motion (for example, cars moving in thekeound). Figure 3.12d
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Figure 3.12: (a) Max composite image. (b) No-Flash image. (c) Ratio betwe
no- ash and max composite images. (d) external contourt@ytdind internal depth
edges (red).

shows in white edges the external contour of the object,aenth red edges correspond
to the internal depth contours computed with our multi- asbhnique.

Our idea of detecting external depth contours with ash aad-rash image pairs
has been recently adapted and applied to image matting.[LOBitations include the
presence of dark objects on the scene and also a mediumetagroand, which can be

affected by the ash without detectable shadows.
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3.3 Dealing with Specularities

The re ection of light from surfaces in real scenes is gehidassi ed into two
main categories: diffuse and specular. The diffuse compomsults from light rays
penetrating the surface, undergoing multiple re ecticarg] re-emerging [70]. In con-
trast, the specular component is a surface phenomenort fdighincident on the sur-
face are re ected such that the angle of re ection equalsathigle of incidence. Light
energy due to specular re ections is often concentrated aorapact lobe, causing
strong highlights (bright regions) to appear in the image.

These bright spots, also known as specularities, play arm@gin many computer
graphics and vision problems. They provide a true senseab$ne in the environment,
reveal important local curvature information [73] and magreprovide additional cues
for object recognition [74]. However, in most cases, spachighlights are undesirable
in images. They are often considered as annoyance in traditphotography and
cause vision algorithms for segmentation and shading aisaly produce erroneous
results. If the sensor or lighting direction is varied, Hights shift, diminish rapidly,
or suddenly appear in other parts of the scene.

Since specularities shift among images captured with r@iffly positioned light
sources, they pose a serious problem for our depth edgetidetecethod based on
multi- ash imaging. Specular highlights that appear at gepin one image but not
others can create spurious transitions in the ratio imalse speci cally, the ratio
between a non-shadowed pixel and a specular pixel in otheegerwill cause a drop in
the ratio image, leading to false detected depth edges (geseR3.13a).

A variety of photometric techniques have been proposeddtealing and remov-
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Figure 3.13:Specularities can create spurious transitions in the rati@ges, leadind
to false detected depth edges.

ing specularities using color [55], polarization [120], itiple views [63] and hybrid
methods [70]. However, most of these techniques assumaittdights appear in re-
gions with no variation of material type or surface normail fdct, reliably removing
specularities in textured regions remains a challengioblpm. Next we will provide

a robust solution to handle this problem, within our mullish imaging framework.

3.3.1 Gradient-Domain Approach

We need to consider three cases of how specular spots imediffeght positions

appear in each image:
(i) shiny spots remain distinct on a high specular surface.
(i) some spots overlap.

(i) spots overlap completely (no shift).
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In order to remove specularities, we could compute the minincomposite im-
age by selecting the minimum intensity pixel of each coroasient point in the input
images. This would considerably reduce the effect of sgeitids, but the resultant
image would be full of shadows. A more reasonable approatthteke the median of
the images, which removes shadows and specular re ectitvenihey do not over-
lap (case i). However, when specularities overlap (caséhi#) median image contains
spurious specular pixels. Later in this section we dematessynthetic results for case
analysis, illustrating this problem.

Active illumination approaches that handle speculariti€®], in general assume
that specularities do not overlap among images, consgléght sources distant from
the camera. In our case, ashes are positioned close to titercef projection of the
camera, and therefore this assumption is not valid.

We note that although specularities overlap in the inputgesa the boundaries
(intensity edges) around specularities in general do netlap. The main idea is to
exploit the gradient variation in theimages, taken under timedifferent lighting con-
ditions, at a given pixel location (x,y). If (X,y) is in a spéar region, in cases (i) and
(i), the gradient due to the specularity boundary will bghin only one or a minority
of then images. Taking the median of timegradients at that pixel will remove this
outlier(s). We then reconstruct the specular-reduced @fragn the gradient eld. Our
method is motivated by the intrinsic image approach [11Tere the author removes
shadows in outdoor scenes by noting that shadow boundaeesastatic.

Letly,1 k n be an input image taken with light sourkeandImax (x) =
max (1 k(X)) be the maximum composite of the input images. We computeneadar-

reduced image through the following steps:
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Figure 3.14:Our gradient-domain approach to reduce the effect of satids in images.

Compute intensity gradienGy(x;y) = r 1 (X;y)
Find median of gradient§(x,y)=median (Gk(X;y))
Reconstruct imagf which minimizesr ' G

This algorithm is illustrated in Figure 3.14, consideringaanera with four ashes.
We will detail the method used for reconstructing imagstep 3) in Section 3.3.2.

Figure 3.15 shows a simple example to illustrate our metmodlli three cases
mentioned above. For each case, we created four images \aithatly drawn spec-
ularities. The rst column in the gure corresponds to thex@mposite of the four
images (Imax), the second corresponds to the median ofsites(Imedian) and the
third column is the output of our method - the reconstructrom the median of gra-
dients (lintrinsic).

Note that if we consider Imedian, specularities are notielated in case (ii), where

spots overlap. On the other hand, our method is able to haadks (i) and (ii), which
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Figure 3.15:lllustration of the three cases. Note that if we considelydhke median
of image intensities (instead of median of gradients), weehaoblems in case (ii).
Our method based on the intrinsic image handles cases (iXignahich often occur
in practice. If specularities do not move among images outhotkfails to remove
them.

often occur in practice. If specularities do not move amanggdes, our method fails to
remove them. However, this is not a problem for depth edgectien, as no spurious

edges are detected in this case.

3.3.2 Image Reconstruction from Gradient Fields

Image reconstruction from gradients elds, an approximatertibility problem,
is still a very active research area. R¥, a modi ed gradient vector eldG may not
be integrable. In other words, there might not exist an infagech thaG = r I". In
fact, the gradient of a potential function must be a congeeeeld, i.e., the gradient

ri=( %}é %} must satisfy:

@ _ @l

@x@y @y@x (3-2)
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This condition is rarely veri ed for the gradient el®.

As noted by Frankot and Chellappa [34], one possible salutidhis problem is to
orthogonally projecG onto a nite set of Fourier basis functions spanning the $et o
integrable vector elds. In our method, we employ a morectiend ef cient approach,
in a similar way to the work of Fattal et al. [28]. We searchdpace of all 2D potential
functions for a functiod’ whose gradient is the closest@in the least-squares sense.

In other words/" should minimize the integral:
Z Z
F(r ' G)dxdy; (3.3)
whereF (r G) = kr ' Gk2=(Z  G)?+(Z, G2
According to the Variational Principle, a functidhthat minimizes the integral in

(3.3) must satisfy the Euler-Lagrange equation:

@F d@F d@F_ )

@ dxd@, dyd,
which is a partial differential equation il SubstitutingF we obtain the following

equation:
, @ @G, @l“ @G _,
@?( ax’ @y)

Dividing by 2 and rearranging terms, we obtain the well-knd®oisson Equation:

(3.5)

r 20 = divG (3.6)

wherer 2 is the Laplacian operator de ned as?* = (%2 + %, anddivG is the

divergence of the vector el@, de ned asdivG = &% + %Gy.
We have used the standard full multigrid method [82] to stihesPoisson equation.
We pad the images to square images of size the nearest poway,dfefore applying

the integration, and then crop back the result to the origiza.
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3.3.3 Specular Mask

In real images, specular re ections may not have sharp bauesl In this case,
when they overlap among images, our method attenuates ¢oelap regions, but do
not completely remove them, possibly leading to spurioygldedges. We handled
this problem by rst taking the ratio between the specuksdtrced imagé' and the
maximum composite imagenax :

(

S= Imax (3.7)

Since both images have no shadows, the 1@twll have low values exactly along
specular regions. By thresholdii®) we obtain a specular mas¥, where specular
pixels are set to zero and non-specular pixels are set tolat® ° be the depth edge
map with spurious specular pixels. Then, we can compute tia¢ depth edge map
D = D% S° by applying the specular mask to remove spurious specdtpse

Note that by computing the specular mask, we are indatéctingspecular pixels,

and not only attenuating the effect of specularities in iegag

3.3.4 Experimental Results

This section presents our experiments, which were carugdviah synthetic and
real images, considering objects with different local efave and textured regions.
Synthetic Images

We rst demonstrate our method in synthetic images, showirag it can reliably

remove specularities in textured regions, as long as spotasong images.
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Figure 3.16:(a-d) Four images with manually drawn specularities alontgstured
region. (e) Max composite image. (f) Result of our method.

Figure 3.16a-d shows four images of a textured region, wahually drawn spec-
ularities (white circles). Figure 3.16e shows the max cositpamage (case (ii), where
spots overlap) and our result is shown in Figure 3.16f. Nioé¢ Wwe are able to elimi-

nate the specularities, while preserving the texture.

Real Images

Figure 3.17(a-d) illustrates our capture process of a dpesaene with objects of
different curvature and textured regions. Here we conadér four light sources to
demonstrate the robustness of our method against spe@daFigures 3.17e and 3.17f
show that the median of the magnitude of gradients is coredtie attenuated along
specular regions. This allows us to reconstruct a specethreed (or intrinsic) image,
as shown in Figure 3.17g. Note that most of the specular t®es are eliminated,
despite textured regions in the scene. Moreover, shadosvalso eliminated, since

their boundaries do not overlap among images.
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Figure 3.17:(a)-(d) Image capture process. (e) Median of magnitude aflignts. (f)
Plot of magnitude of gradients along a scanline in a specutgion. The black line
is the median, which is clearly attenuated. (g) Our spectdgiuced image

The intrinsic image is therefore a good alternative for trexraomposite image,
which is full of specularities, and cause spurious edgelpirghe depth edge map (see
Figures 3.18a and 3.18b). As we mentioned before, we alspetana specular mask,
due to the fact that in real images, specularities are smadeaiding to attenuation,
but not complete removal of these bright spots. Figuresc3at®@ 3.18d illustrate the
specular mask computation. Our nal result is shown in Fegg8rl8e. More examples
of depth edge detection with specular re ections are shawfigure 3.19.

Figure 3.20a shows a challenging scene, involving a traegpabject and a high
albedo background. Note that we are able to detect most Ispies (Figure 3.20c)
without false positives. As we can see in our nal result forstexample (Figure

3.20d), shadows are eliminated and specularities are cignly reduced.
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Figure 3.18:(a) Max composite image and (b) correspondent depth edggsin{
tensity plots along the red scanline of the region highkghtn leftmost gure. (d)
Specular mask computation (e) Our nal result

The computational time required to obtain the specula-ineages is about one

second on a 3GHz Pentium 4, considering images with resol6d0x480.

3.3.5 Discussion

As we already mentioned, our method fails to remove speduggnrlights when
they do not shift among images. Fortunately, this case ipratlematic for many
computer vision methods, including depth edge detection.

In our method, regions covered by specular highlights iniovagje may be specular-

free in others, since bright spots often shift due to our matth scheme. This allows
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Figure 3.19:Depth edge detection in specular scenes.

Figure 3.20:(a) Image taken with one of the ashes. (b) Maximum compasitge.
(c) Detection of specularities. (d) Specular-reduced imag

us to “uncover” these regions, posing an advantage oveiqugwapproaches that at-
tempt to remove specularities based on a single image.

By solving the Poisson partial differential equation, wenghate most highlights
and also shadows in the image. This compares favorably Wwe&hnax composite
(which has no shadows but is full of specularities), the nemposite (which is specular-
reduced but also full of shadows) and the median of inte¥ss{tivhich has problems

when spots overlap, as shown in Figure 3.15). In additionoethod is not affected
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by objects as bright as specularities in the scene (seed-B)@0), which is clearly a
problem for thresholding-based techniques.

We believe that more accurate results could be obtainedibyg o®ore light sources
(not just four as in our experiments) for specular re ectremoval. Using only two
ashes would not be a good choice, due to the fact that theignadf the boundary
of a specularity in one image would be only attenuated (mobreed) when taking the
mean with the other image. Choosing the minimum gradientdcbelp in this case,
but it would create a problem for textured regions.

The detection of specularities based on our specular masghl be useful in other
applications, such as object shape information acquisji®] and interactive creation
of technical illustrations, where the user may decide wéeth keep or remove specu-
larities. Our detected specular regions could also be usetpat for image inpainting
methods, which often require manual labeling of such reg[at0].

When specular boundaries are smooth and overlap among #geanthe intrin-
sic image only attenuates the effect of specularities. Tmeputation of the specular
mask is useful in this case, but still it might leave some af@@@ixels undetected due
to thresholding. It is also possible that specular bourgariay overlap in the majority
of images, leading to no specular attenuation. Figure 3W@ivs an example where
we can not remove specular artifacts. Low albedo objectsrareh more challeng-
ing because even attenuated specular pixels with smaliegrachagnitude may cause
spurious edges.

Finally, we need to mention that we are processing “actieesiarities”, created
by our light sources, rather than highlights due to ambiighit] The use of ashes

might be useful in many situations, such as in dark scenesyar for vision methods
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Figure 3.21:A failure case for removal of spurious edges due to spedidari (a)
car engine photo. (b) Intrinsic image, with few attenuatadrspecularities. (c) Depth
edge con dence map.

based on active lighting. In order to detect specularingee ambientimage, a method
based on gradient direction analysis between ash and st+ianage pairs could be

used, in the same spirit of the work of Agrawal et al. [4].
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3.4 \Variable Wavelength

So far, our method requires taking multiple pictures of thme static scene. This
clearly poses a problem for detecting depth edges in mobaoe. to the lack of simul-
taneity, the base maximum composite image will have misaligfeatures, leading to
spurious edges.

In order to handle this problem, we could use a high speed rzaméth ashes
triggered in a rapid cyclic sequence, syncronized with én@era video frames. We
note that a high speed camera can reduce the amount of maiwedn frames, but
still the frame simultaneity cannot be assumed. A reasenapproach is to apply
motion compensation techniques to correct the introductfdets. Finding optical
ow and motion boundaries, however, is a challenging problenainly in textureless
regions [11].

As in the static case, we bypass the hard problem of ndingrible per-pixel
motion representation and focus directly on nding the distinuities, i.e., depth edges
in motion. Our approach is part of our common multi- ash freawork, relying on the
variation of the wavelength of the light sources. Verydittttention has been given to
photometric vision methods that make use of at coloredtsgWe demonstrate here
that by using light sources with different colors, we cagder them all at the same
time, in one single shot, and then exploit the colored shadovextract depth edges.

Figure 3.22a shows our setup with three lights of differestoc red, green and
blue. When the lights are triggered at the same time, they tsuwhite light. We
strategically placed the lights to produce shadows alomdegith discontinuities in the

scene: one is positioned below the camera, while the otmerglaced on the left and
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Figure 3.22:(a) Our setup for dynamic scenes with different wavelerigtit sources.
(b) Input image. Note the shadows with different colors Depth edge detection.

right upper diagonals of the camera center of projection.

Our algorithm to detect depth edges using this setup follawsnilar idea of the
algorithm described in section 3.1. Given the input imagi wolored shadows, we
need to rst distinguish which shadows were created by wihiglt source. With this
information, we can traverse the image along the corresgrarepipolar rays, marking
depth edges at shadows associated with correspondenséightes. In our setup, for
the lights placed along the camera diagonal, the travessadtialigned with the pixel
grid. For ef ciency, we may keep the traversal along the poed, but detecting
negative transitions with e.g., steerable kernels [35¢¢tLto speci c directions.

A simple way to distinguish the shadows created by each Vighild be to decom-
pose the input image into the red, green and blue channeise¥&s, nding shadows
in each channel is not an easy problem. In this case, the nbiaxicomposite image of
the three channels is not suitable for computing a shadew/image, due to the fact

that non-shadowed regions of each channel may have differemsities, depending
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on the albedo of the objects.

In the following section we will describe an approach to segtshadows using a
reference image of the scene, captured with white lightsurThis method does not
solve the motion problem, but considerably reduces adgnsime, allowing motion
compensation algorithms to work better. Then, in secti@ghn23.we rely on shadow
detection from a single image to extract depth edges in dyaseenes. Although sep-
arating shadow edges from re ectance edges is a dif cultypgm for general scenes,
we show that our technique can be useful for speci ¢ apphbecet, such as extracting

internal hand contours or lip segmentation from video.

3.4.1 Using a Reference Image

The basic idea of our method based on a reference image ikddwa pictures
of the scene, one with the three red, green, and blue lightgetred at the same time,
and the other with white light sources. At non-shadowedomsg)ithe ratio between the
images should be close to one, due to the fact that red, greeblae sum to white
light. The ratio in each channel can be used to distinguisbiw$hadows were created
by which light source.

We now describe this idea in more detail. First consider tedRolor , k =
R; G; B formed at a particular pixel, for illumination with spedtpower distribution
E( ) impinging on a surface with spectral re ectance funct®(n ). If the three cam-
era sensor sensitivity functions form a €& ), k = R; G; B, then we have:

Z
k= EC)S()Q()d; k =R;G;B (3.8)

where is Lambertian shading, i.e., the inner product betweertihghdirection and
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surface normal at a particular surface point. Assuming thatera sensitivities are

Dirac delta functions [32]Qk( ) = & ( k), then equation 3.8 is simpli ed:

k= E(WS(«); k=R;G;B (3.9)

The capture process of our technique consists in rst takingmagé .qor Of the
scene with three light sources red, green, and blue triggerihe same time. Then, we
replace the colored lights with white lights of same intgnand capture a reference
imagel white - The white light sources could be placed near the colordddi{fo avoid
replacing the lights), provided that the scene depth iscenhtly large when compared
to the baseline between camera and lights. We assume thertages are properly
registered or the scene is static between the shots. Notevth&eep all imaging
parameters constant, except the spectral power diswibwti the light sources. By

taking the ratio between each channel gf,, andl ynie , We have:

S, = lcoor, ~ E color ( k)S( )%k _ Ecolor ( k) .

= = . k=R;G;B 3.10
lwhite , ~ E white ( K)S( )&k Ewnite ( &) (3-10)

whereE qor andE e Correspond to the combined spectral distribution of theehr
colored and white light sources, respectively. As we carfrege the equation above,
the re ectance term is canceled, which is important for dietg shadows without
depending on the albedo of objects in the scene.

Given that the light sources may have different intensitves convertl .oor and

lwhite t0 @ chromatic space before taking the ratio in equation.MdYe speci cally,

= p lwiey  fork = R:G:B. These

I'col
= p =k andl -
i=R;G;B !white ;

i= R:G:B | color i white

0
we de nel g,

intensity normalized images are shown in Figures 3.23c a28d3 The ratiq%o‘)'L is

white
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shown in Figure 3.23e. Ratio values greater than one arepeldrto one. Note that
shadows can be easily segmented in this image for depth edgetion. The reason is
that at non-shadowed regions, the ratio between the imag#gse to one, due to the
fact that red, green and blue sum to white light and g,  Ewnite - On the other
hand, at shadowed regions, at least one of the light soucassribt illuminate the local
region, implying a drop in the ratio image due to the différgpectral distribution of
Ecolor AaNAE yhite -

For red, green and blue lights, we used 50W Ushio Popstar BRalogen light
bulbs, with12 beam angle spread. For white light sources, we used threel5 W
Whitestar MR-16 Halogen light bulbs, also wit2 beam angle spread. The presence
of some artifacts in Figure 3.23d are mostly due to the natveam angle spread of
light sources. Since the lights are not precisely calilokaggarts of the scene may
have more incidence of light sources at speci ¢ wavelengflnés may create spurious
transitions on the ratio image, leading to false shadow segation (such as along the

horse foot).

3.4.2 Learning Shadow Color Transitions

We now turn to the problem of detecting depth edges with dasingage, captured
with red, green and blue light sources triggered at the same &is shown in Figure
3.22a. In this case, detection of depth edges can be achigvesing algorithms that
detect shadows [33] or separate illumination from re ec®msing a single image
[112].

Finlayson et al. [33] proposed a method to remove shadows ifftages by deriv-

ing a 1D illumination invariant image representation basedog-chromaticity coor-
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Figure 3.23:(a) Imagel ¢qor taken with red, green and blue light sources. (b) Im-
agelwnite taken with white light sources. (c) Conversion to chromapece:|?

color
(d) 18, (e) ratio betweerd 2 and10,.. . The color of the segmented shadows

indicates which light source corresponds to each shadow.

dinates. Tappen et al. [112] use color information and asckstrained to recognize
gray-scale patterns in order to classify image derivatgseing caused by re ectance
or illumination changes. The Retinex algorithm [61] addessthe same problem, but
relying on the assumption that the gradients along re exagdges have larger mag-
nitude compared to those caused by illumination variation.

Although these algorithms could be exploited to segmerdalvain general scenes,
we have implemented a simpler method that relies on leathigolor transitions be-
tween object and shadows. This allows us to distinguish kvlight source created a
speci c shadow. More speci cally, in a training stage we leat sample pixels along

the shadow transitions and project a support vector maatiassi er for each light
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Figure 3.24:(a)-(c) Sample frames of a video sequence and correspodéerttt edge
detection. (d) Comparison with Canny edge detection.

Figure 3.25:Lip contour extraction using two red and blue lights placdmbee and
below the camera.

source. During the epipolar ray traversal, we use the outpilite correspondent clas-
si er to mark depth edges. Anisotropic diffusion [77] waspéipd as pre-processing
for noise lItering.

Our method may generate false positives along re ectange®@ith similar learned
color transitions. Depending on the background albedaj@haolor transitions may
differ from the learned model, thus leading to false negativDespite these limita-
tions, our technique can be useful for diferent applicaioRor example, extracting
depth edges due to nger occlusions is extremely importanhfnd gesture analysis
and recognition. In fact, we have recently demonstratetkimavlege about occluding
edges in the hand signi cantly improves recognition ratersatandard intensity edges

[31]. Other examples include extraction of lip contours artdrior edges of the ear for
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recognition.

Figures 3.22b and ¢ shows an input image and our nal resegpectively. Note
that we are able to capture the self-occluding thumb ngegesdvhile eliminating
texture edges such as wrinkles in the hand. This would nolssible with intensity
edge detectors. Although background clutter could be aceafmoise for our method,
the hand could be extracted using standard segmentatioméees (e.g., based on skin
color or background subtraction), while applying our tagie just to extract interior
occluding contours.

When video sequences are available, we use space-timestntsi to improve
depth edge detection. We basically consider the depth edgeet as a 3D surface,
lling out edge gaps among frames to ensure surface smoeghrfggure 3.24 shows
sample frames of a video sequence captured with our lighiteswvith different wave-
length. We compare our results with intensity edges dalestth the Canny operator.
Note that Canny edges include undesirable texture edgels,asuwrinkles and nails,
while missing important self-occluding edges due to loveirsity variations.

Another example is shown in Figure 3.25, using only two reditzloe lights, placed
below and above the camera, respectively. Note that we ded@beliably detect the
upper and lower lip contours, while reducing noise inherenitensity edge detection.
Lip contour extraction would not be possible if the mouthl@sed, but still detecting
whether the mouth is open or not could be useful for speeclysinar facial expres-
sion recognition. Only two lights are suf cient for this exa@le, since lip contour edges
are mostly horizontal. We also extract the facial contouriclv is a challenging task
for intensity edge detectors due to the low contrast vanebetween the face and neck

area.
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3.4.3 Discussion

In our previous work [85], we have addressed the problem taieg depth edges
in motion using light sources triggered in a rapid cyclicsaace, syncronized with the
camera video frames. However, this method assumes thabmistimonotonic with
small magnitude, which may cause spurious edges for thuctsires or objects with
high frequency texture in the scene.

Most approaches that use active colored illumination in oat@r vision aim to
recover the full 3D information of the scene through struetulighting. Tajima and
Iwakawa [108] use a rainbow pattern for pixel coding andnigislation. Zhang et
al. [124] also project a pattern of alternating colors in #oene and use a multi-
pass dynamic programming algorithm to solve the correspocel problem in active
stereo. Sa et al. [89] adopt color coding along projectedredl stripe boundaries in
time, which is useful for 3D reconstruction from dynamicrsee. Compared to these
techniques, our approach offers the advantage of beindgejmpexpensive, and easily
built into a self-contained device. It could also completreisting stereo techniques

to obtain depth edge preserving 3D reconstruction.

Limitations

Our method is not suitable for distant objects or outdoonesgwhere the intensity
of the light sources may be insuf cient compared to the sghtli Objects very close
to the camera may suffer from pixel saturation, also viatathe assumption that the
scene depth is signi cantly larger than the camera-liglgdtiae. Another problem
occurs when the color of the shadow is the same as the bacidyrétor example, if

a background pixel has color yellow and is not illuminatedtly blue light source,
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an yellow shadow (formed by the combination of red and greghtd) would not be
detectable.

Our technique based on a single shot capture using lighlisdifferent wavelength
(section 3.4.2) is limited to handle general scenes, as fagatives and positives may
arise due to the albedo of objects in the scene. Researchadowsisegmentation and
intrinsic image computation from a single frame [112, 33}esy important to achieve
a more general solution to the problem. We also believe thatiens involving new
camera setups would be possible. For example, infra-réxtirig could be used (with
different wavelength light sources) to capture an imagé whadows, while using
another camera at the same viewpoint (this is possible asb@amsplitter) to capture
an ambient image simultaneously. This ambient image coaldded as reference to

segment shadows more reliably.
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Chapter 4

Varying Viewpoint: Depth Edge

Preserving Stereo

Stereo vision algorithms have been investigated for mamysyen computer vision
as a technique to infer 3D structure from images capturel @rterent viewpoints.
The most challenging problem in stereo reconstructionesetablishment of visual
correspondence among images. This is a fundamental operhtt is the starting
point of most geometric algorithms for 3D shape reconsimacnd motion estimation.

Intuitively, a complete solution to the correspondencébfam would produce the

following:

A mapping between pixels in different images where therecsreespondence,

and

Labels for scene points that are not visible from all viewshere there is10

correspondence
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In the past two decades, intense interest in the correspoadaoblem has pro-
duced many excellent algorithms for solving the rst half thie problem. With a
few exceptions, most algorithms for dense correspondeag®tiaddress occlusions
explicitly [93]. The occlusion problem is dif cult partly écause distinguishing im-
age intensity variations caused by surface geometry frmsettaused by re ectance
changes remains a fundamental unsolved vision problem [68]

A promising method for addressing the occlusion probleno isge active illumi-
nation. In fact, many techniques that make use of lightirghges have been proposed
to solve the correspondence problem in stereo reconsirufl4, 22, 127]. In gen-
eral these techniques offer a tradeoff between accuracgastobf the equipment (and
other issues like compactness, light source calibratiod, mumber of images to be
acquired).

In this chapter, we combine lighting with viewpoint var@iito produce high qual-
ity disparity maps. Differently from most approaches inhacistereo that use large
baseline light sources, our method uses small baseliné-rasitt illumination in order
to acquire important cues, including: depth edges, the sighe depth edge (which
indicates the side of the foreground object), and inforaraibout object relative dis-
tances.

Using these cues, we show how to produce rich feature mag®foeconstruction.
We start by deriving a qualitative depth map from a singletmath camera. In a
multiview setup, we show how binocular half-occluded psxeain be explicitly and
reliably labeled, along with depth edges. We demonstratethe feature maps can be
used by incorporating them into two different dense stecgmespondence algorithms,

the rst based on local search and the second based on bedighgation.
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4.1 Qualitative Depth Map

In this section, we formulate a qualitative depth map usirgingle multi- ash
camera. Our method is related to shape from shadow tectmjgaig but differs sig-
ni cantly in methodology. At this point we are not interedtén quantitative depth
measurements. Rather, we want to segment the scene, whiléameously establish-
ing object depth-order relations and approximate relaligegances. This turns out to
be a valuable prior information for stereo. Two key impottaesurements are used to

construct our qualitative depth map:

The sign of the depth edge, which indicates which side of tlgeeorresponds

to foreground.

The shadow width, which encodes object relative distances.

4.1.1 Sign of Depth Edge

The sign of each depth edge pixel may be computed easily basdéde depth
edge detection algorithm described in Section 3.1. At tlgatiee transition along the
epipolar ray in the ratio imageRy.the side of the edge with higher intensity is the
foreground and lower intensity (corresponding to shadoggtbn) is the background.

Figure 4.1 illustrates this idea. Note that the sign is assed with each depth edge

pixel, and not to an image region.

78



Varying Viewpoint: Depth Edge Preserving Stereo Chapter 4

Figure 4.1:From left to right: original image, left ash ratio image, ght ash ratio
image, signed edges

4.1.2 Shadow Width Estimation

A natural way of extending our depth edge detection methaestonate shadow
width is to measure the length of regions delimited by a negatansition (which cor-
responds to the depth edge) and a positive transition alwnggipolar ray in the ratio
images. However, nding the positive transition is not asyetask, due to interre ec-
tions and the use of a non-point light source.

Figure 4.2a-c illustrates this problem: note that the isitgmpro le along the verti-
cal scanline depicted in the ratio image has spurious transidue to interre ections
and a smooth transition near the end of the shadow. Estimatithe shadow width
based on local-area-based edge ltering leads to unrdali@sults. In contrast, we
take advantage of the global shadow information. We apmyntlean-shift segmen-
tation algorithm [18] in the ratio image to segment the shegjoallowing accurate

shadow width estimation (see Figure 4.2d).
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Figure 4.2:(a) Ratio Image. (b) Original Image. (c) Intensity plot atpthe vertical
scanline depicted in (a). Note that there is no sharp pasitinsition. (d) Meanshift
segmentation to detect shadow, shown in white color

4.1.3 Shadows and Relative Depth

As we discussed in Section 3.2.1, the shadow width can be utmd@s:

_B(z z)
B 212,

d (4.1)

where the variables involved afe(camera focal lengthB (camera- ash baseline),
71, Z, (depths to the shadowing and shadowed edges). For now, agkatithe back-

ground is at and whose distanag from the camera is known.
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Working on this equation, we have:

dz _ (22 z)
fB Z;
d22 _ D
§ B Z; 1
d22 _ Zo
Iog(§ +1) = Iog(z—l 1+1)
d22
Iog(§ +1) = log(z,) log(z;) (4.2)

Note that for each depth edge pixel, we can compute the laft bale of equation 4.2,
which encodes the relative object distances (differendegélepth magnitudes). This
allows us to create a gradient eld that encodes sharp déjathges(with gradient zero
everywhere except at depth discontinuities) and perfornm&&yration of this gradient

eld to obtain a qualitative depth map of the scene. This idedescribed with more

details below.

4.1.4 Gradient Domain Solution

In order to construct a sharp depth gradient map, we needaw kme direction of
the gradient at each depth edge pixel. This information eedsily obtained through
the sign of the depth edge pixel in each orientation, whidl tes which part of the
edge is the foreground and which part is the background.

Le E be the set of depth edge pixels a@d= ( Gy; G,) the sharp depth gradient

map, whereG, andG, correspond to its horizontal and vertical components,aesp

tively, with:

0 if (xy) 2E (4.3)

dn(X;Y)22
B

Gh(x;y)

= log( +1)sh(x;y) otherwise
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wheres; (x;y) is the sign( 1;+1) of the depth edge pixdk;y) andd,(x;y) is the
shadow width along the horizontal direction. The compor@nts calculated in the
same way as equation 4.3 for the vertical direction.

Our qualitative depth map can be obtained with the follovateps:
Compute the sharp depth gradi&tx;y).
IntegrateG by determiningV which minimizegr M G;j.
Compute the qualitative depth mgp= exp(M ).

It is important to note that the gradient vector e@ may not be integrable. In
order to determine the imagd, we use the same integration approach for specular
re ection reduction in Section 3.3. The optimization pret to minimizgr M Gj?
is equivalent to solving the Poisson differential equatiotM = div G, which can
be solved using the standard full multi-grid method. Thel gaalitative depth map is
obtained by exponentiating , sinceM contains the logarithm of the real depth values.

For many applications, the background may be not at andiggadce to the cam-
era unknown. In this case, we can gét to 1:0. Now we cannot obtain the absolute
distances from the background. Instead we get relativarmtsis proportional to the
shadow width and a qualitative depth map with segmentecdctshj@Ve will show in

section 4.3.2 that this is a very useful prior for stereo rmiaig.

4.1.5 Synthetic Example

Figure 4.3 shows our qualitative depth map computationgusymthetic images.
We basically used as input four images with manually creakediows corresponding

to the top, bottom, left and right ashes, as shown on the fdp® gure. The resultant
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qualitative depth map, as well as the correspondent 3D @tetshown on the bottom
of the gure. Note that the elevations of the rectangulamlarare proportional to the

associated length of shadows in the images.

4.1.6 Real Images

Figure 4.4 illustrates results obtained for the qualimtilepth map computation
from real images, using a single multi- ash camera. As we sa@, our method ef-
fectively segments the scene, encoding object relativamties through the shadow
width information. Note that the images have low intensiyiation and small depth
changes, a challenging scenario for most 3D reconstruotethods.

Our qualitative depth map also offers the advantage of icigatslope in intensity
when there are gaps in the depth contours. Note in the hargkitha smooth transition
between the thumb nger and the palm of the hand. This is auipedperty for setting
smoothness constraints in stereo matching.

In Figure 4.5, we show a more complex example. The sceneiognteany depth
discontinuities and specular re ections, which poses sasiproblem for most 3D re-
construction methods. We used our specular mask descritgesttion 3.3 to eliminate
spurious edges in the depth edge map. The qualitative degyphamd the 3D plot are
shown in Figures 4.5b-c.

Clearly, our method is not able to handle slanted surfacesumded objects, since
the depth variation is smooth without a sharp discontinditys is not a problem if we

use it as a prior for stereo reconstruction.
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Figure 4.3:Top: Synthetic images with manually created shadows cporeding to
the top, bottom, left and right ashes. Bottom: Qualitatilepth map and corre-
sponding 3D plat

Figure 4.4:From left to right: original image, qualitative depth map dithe corre-
sponding 3D plot. Note that our method captures small chamgdepth and is robust
in the presence of low intensity variations across depthams.
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Figure 4.5:(a) Complex scene with many depth discontinuities and $periec-
tions. (b) Qualitative depth map. (c) Corresponding 3D plot
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4.2 Occlusion Detection

Binocular half-occlusion points are those that are visiblenly one of the two
views provided by a binocular imaging system [26]. They armaaor source of er-
ror in stereo matching algorithms, due to the fact that batftuded points have no
correspondence in the other view, leading to false digpastimation.

Current approaches to detect occlusion points are pas&edZ6] for a comparison
among ve different techniques). They rely on the correggente problem and thus
are unable to produce accurate results for many real sckngsneral, these methods
report a high rate of false positives and have problems tectlecclusions in areas of

the scene dominated by low spatial frequency structure.

4.2.1 Occlusions Bounded by Shadows

Rather than relying on the hard correspondence problemxpleieactive lighting
to detect binocular half-occlusions. Assume we have a stpagr of cameras with
horizontal parallax and light sources arranged as in Figue By placing the light
sources close to the center of projection of each cameraaweige the length of the
shadows created by the lights surrounding the other caradraund the half-occluded
regions.

This idea is illustrated in Figure 4.6. Note that the hal€loded regionS is
bounded by the width of the shadows andS,. Observing the gure, let,,, Ir,
andl r, be the images taken by the left camera with light souf6es Fr, andFg,,
respectively. The width 06, andS, can be determined by applying the meanshift

segmentation algorithm in the ratio imag'é% and'l% (as described in section 4.1.2).
1 1
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Figure 4.6:The length of the half-occluded region is bounded by shadoeated by

ashes surrounding the other camera
We then determine the half-occluded region by averagingliaelowed regionsS =
ﬁ(sl + S;), whereB, B;, andB, are the baselines of the camera and each light
source, as shown in the gure.

The occluded region is determined with precision for plasterdowed region and
with close approximation for non-planar shadowed regiorthe non-planar case, the
linear relationship between baseline and shadow width doekold, but the length of
the occluded region is guaranteed to be bounded by the slsadow

We could also use Helmholtz stereopsis [127] by exchanduegposition of a
multi- ash camera with a light source. The shadowed regiamsed by the light source

in this con guration would denote exactly the half-occlddegion. However, the de-
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Figure 4.7: Detection of binocular half-occlusions in both textureddaextureless

regions. (a)-(b) Images taken with light sources surrongdihe other camera. (c)

Our occlusion detection result marked as white pix€l€5% of false positives and

0:12% of false negatives were reported. (d) Left view. (e) Rigévvi(f) Occlusion

detection (white pixels)
vice swapping needs precise calibration and would be dif tuimplement as a self-
contained device.

We used two Canon G3 cameras with light sources arrangedaseH. 6 to test our
half-occlusion detection algorithm. Figure 4.7 demorisgdhe reliable performance
of our method. The images contain occlusion points in bottuted and textureless
regions, which is a challenging problem for passive algong that rely on pixel cor-
respondence. For quantitative evaluation, we selecteéaywise planar scene (Fig-
ure 4.7a-c), since it is easier to obtain the occlusion gidwrth (computed from the
known disparity map). For this scene, our method rep@65%of false positives and
0:12%of false negatives. For very large depth differences ouhotemay not give a

precise estimation (for non-planar shadowed regions, duarger bounded regions)

and it might fail due to detached shadows with thin objects.
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4.3 Enhanced Stereo Matching

In this section, we use our feature maps as prior informatoanhance stereo
matching algorithms. We start by demonstrating an enhamgedow-based, local
stereo method that takes advantage of depth edges andionslts produce disparity
maps with very few computations and much more accuracy thaditional correlation-
based methods. Then, we show how to incorporate our feataps mto global stereo
methods based on Markov random eld optimization. We alsalyse different stereo
implementation setups and scenes with specular re ectibimally, we discuss limita-

tions of our technique and compare with previous 3D recanstn approaches.

4.3.1 Enhanced Local Stereo

A major challenge in local stereo is to produce accurateltesaar depth discon-
tinuities. In such regions, the main assumption of localhods is violated: the same
window (aggregation support) contains pixels that sigandy differ in disparity, often
causing serious errors in the matching process, due togigp distortions. In addi-
tion, windows that include half-occluded points near depfitontinuities are another
source of error, since they do not have correspondence itliee view.

The central problem of local methods is to determine thenogitsize, shape, and
weight distribution of the aggregation support for eachepixrhere is a trade-off in
choosing the window size: if the window is too small, a wrongtah might be found
due to ambiguities and noise. If the window is too large, [ois due to foreshorten-
ing and depth discontinuities occur, with the result of ldbstail and blurring of object

boundaries. Previous solutions to this problem includeuse of adaptive windows
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[52] and shiftable windows [53], but producing clean resaltound depth discontinu-

ities still remains a challenge.

Varying Window Size and Shape

We adopt a sliding window which varies in shape and size,raaeg to depth edges
and occlusion, to perform local correlation. Given the guaif the detection of depth
edges and half-occluded points, results are signi camtigrioved.

In order to determine the size and shape of the window for paxeh, we determine
the set of pixels that has aproximatelly the same dispasttha center pixel of the
window. This is achieved by a region growing algorithm (stay at the center pixel)
which uses depth edges and half-occluded points as boesdari

Only this set of pixels is then used for matching in the othew The other pixels

in the window are disconsidered, since they correspond ttieaeht disparity.

Experiments

We rst demonstrate the usefulness of depth edges in loes¢stusing the 640x480
Tsukuba stereo pair of the MiddleBury dataset (http://wavigddlebury.edu/stereo).
Figure 4.8a shows one of the stereo input images. The diggadund truth for each
pixel is shown in Figure 4.8b and the depth edge map compuedthe ground truth
is shown in Figure 4.8c. The results using a traditionalelatron-based algorithm are
shown in Figure 4.8d for a window size of 9x9 pixels and Figdii@e for a window
size of 31x31 pixels. The trade-off in choosing the windoress clearly shown from
these images: a smaller 9x9 window causes noisy result ekarger 31x31 window

causes signi cant errors near depth discontinuities. tfeoto verify the importance of
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depth edges in local stereo, we used our algorithm consigl@s input the stereo pair
and the depth edge map computed from the disparity grouial. tieigures 4.8f and
4.8g show our results for 9x9 and 31x31 window sizes, respdygt Clearly, the dis-
parity map results are signi cantly improved near depttcdiginuities. Note that this
is a synthetic example to illustrate the effect of depthaliinuities in stereo, since we
are assuming we have as input the depth edge map, which a@ttifo obtain without
active illumination.

Now we evaluate our method in a real scenario, using mukh anaging to com-
pute depth edges and occlusions. We used a horizontal did®bacquiring stereo
images with a multi- ash camera. Occlusions were estimé&gadnoving the ashes
properly to the shooting camera positions.

Figure 4.9a shows one of the views of a dif cult scene we usethput. The im-
age contains textureless regions, ambiguous patternstfeedackground close to the
book), a geometrically complex object and thin structufidee resolution of the images
is 640x480. We recti ed them so that epipolar lines are aigjwith horizontal scan-
lines. We adopted a small baseline between the camerasrfmaxdisparity equals
10), so that we can obtain a hand-labeled disparity growrtt {Figure 4.9b).

Figure 4.9c shows our computed depth edges and half-oatipciats. Note that
some edges do not appear in the ground truth (due to randatiespand we also have
some gaps in the edges due to noise. This data was consideest bur algorithms
under noisy conditions.

Traditional local-correlation approaches perform verggbpin this scene, as we
show in Figures 4.9d and 4.9e, using windows of size 9x9 a@B1 In addition

to noise, there are major problems at depth discontinuitesners tend to become
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Figure 4.8:(a) One image of the stereo pair. (b). Disparity map grounghr (c)

Depth edge map computed from the ground truth. (d) Localetation result with
a 9x9 window. (e) Local correlation result with a 31x31 wimdo(f) Our enhanced
local stereo result with a 9x9 window. (g) Our enhanced |astakreo result with a

31x31 window
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Figure 4.9: Enhanced Local Sterém) Original image. (b) Hand-labeled ground
truth. (c) Detection of depth edges and binocular half-oswns. (d) Local cor-

relation result with a 9x9 window. (e) Local correlation dswith a 31x31 win-

dow. (f) Our multi- ash local stereo result with a 31x31 winel. (g) Analysis of the
root-mean-squared error with respect to window wize. Thehdd line corresponds
to traditional local correlation, while the solid line cagsponds to our approach
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rounded and thin structures often disappear or expand. ritrasi, our method pre-
serve discontinuities with large windows (Figure 4.9f). $ew a quantitative anal-
ysis of the two methods with respect to the window size in Fegu9g. The axis of
the graph correspond to the root-mean-squared error (RMi& e window size in
pixels. The error decreases signi cantly as the window grdar our method (solid
line). At some point, it will start growing again with largerindows due to gaps in
the depth edges. We could use our qualitative depth map betr¢his would add an
undesirable computational load, since local-based appssaare attractive because of

their ef ciency.

4.3.2 Enhanced Global Stereo

The best results achieved in stereo matching thus far aendyy global stereo
methods, particularly those based on belief propagatidmeaph cuts [56, 106]. These
methods formulate the stereo matching problem as a maximposeeriori Markov
Random Field (MRF) problem. In this section, we will desertdur enhanced global
stereo method, which uses belief propagation for inferemtee Markov network.

Some current approaches explicitly model occlusions asdoditinuities in the
disparity computation [5, 50], but they rely on intensityged and junctions as cues
for depth discontinuities. This poses a problem in low-casitscenes and in images
where object boundaries appear blurred. However, we wastppress smoothness
constraints only at occluding edges, not at texture or ilhation edges. Our method
makes use of the prior information to circumvent these @oisl, including the qual-
itative depth map and the automatically detected binoduddirocclusions described

earlier.
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Inference by Belief Propagation

The stereo matching problem can be formulated as a MRF wittiem variables
f Xsg, corresponding to the disparity of each pixel, and obsevaedbles yg, corre-
sponding to the matching cost (often based on intensitgmrdiffces) at speci ¢ dispar-
ities. By denotingk = fxsgandY = fysg, the posterioP (XjY) can be factorized

as.
Y Y Y
P(XjY)/ s(Xs; Ys) st(Xs; Xt) (4.4)

s S t2N(s)

whereN (s) represents a neighborhood%f  is called the compatibility matrix be-
tween nodeg andx; (smoothness term), and(Xs; Ys) is called the local evidence for
nodexs, which is the observation probabilipfysjxs) (data term). The belief propaga-

tion algorithm gives an ef cient approximate solution ingtMarkov network [106].

Qualitative Depth as Evidence

We can potentially use our computed depth edges to suppmesstisness con-
straints during optimization. However, the depth contonay have gaps. Fortunately,
our qualitative depth image shows a desirable slope in sitewhen gaps occur (as
we will show in our experiments), and hence it is a good chtweet the compatibility
matrix ¢. In addition, the qualitative depth map encodes the obgdative distances
via the shadow width information, and we use the map to emgrudiscontinuities at
a certain disparity difference.

Let P be the qualitative depth scaled to match the set of possibfeadtiesd;,

i=1:L. Wedene g(xs;x)= C3 ,whereC is de ned as:

d; Pst) )

_ jd
Ci' = exp( — =

(4.5)
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Figure 4.10:(a) Compatibility matrix encouraging pixels to have the sadlisparity.

Larger rectangles correspond to larger values. (b) Conipubity matrix encouraging

neighboring pixels to have different disparities accogiio the qualitative depth map.

(c) Same as (b), but considering a different sign of the de@tfe so that the shift goes

on the opposite direction
where Pg is the intensity difference between pixalsandt in the qualitative map
(which was scaled to match possible disparities) fand a constant scaling factor. In-
tuitively, if Pg = 0, there is no sharp discontinuity for neighboring pixendt and
the compatibility matrix will have larger values along itagonal (see Figure 4.10a),
encouraging neighboring pixels to have the same dispdntgontrast, if Py 6 O,
the larger values will be shifted to the disparity encoded W (see Figures 4.10b-
c). The direction of this shift depends on the sign d®s;, which is the sign of the
correspondent depth edge.

We have also included the half-occlusion information in m&thod. Nodes corre-

spondent to pixels that have no match in the other view aneidited, while a penalty

is given for matching a given pixel with an occluded pointhie bther view.

96



Varying Viewpoint: Depth Edge Preserving Stereo Chapter 4

Figure 4.11:(a) Standard belief propagation result. (b) Our enhanceabgl stereo
method, given the knowledge of depth discontinuities

Experiments

Figure 4.11 shows a comparison of our algorithm with tradil global stereo
based on belief propagation. As before, we used the inpujesi&rom the Middle-
bury dataset with depth edges computed from the disparitygnaund truth. For this
example, we have not used the information from occlusiodiscurlitative depth; we
just used depth edges to stop smoothness constraints ineéhgydunction. As we can
see, results are considerably improved near depth discotidis.

The computed qualitative map in our challenging stereo gam shown in Fig-
ure 4.12a. The results for the standard belief propagatgorithm and our enhanced
method are shown in Figures 4.12b and 4.12c, respectivélg.phssive method fails
to preserve discontinuities due to matching ambiguities @sed the implementation
available at http://cat.middlebury.edu/stereo/ withied#nt weight and penalty param-
eters). Black pixels mean noisy values (zero disparity)r @sults clearly show sig-
ni cant improvements with a RMS of 0.4590 compared to 0.95&09this input. It

is important to note that (although we do not show in this sg@ur method handles
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Figure 4.12: Enhanced Global Ste(@) Qualitative depth map. (b) Standard passive
belief propagation result (RMS: 0.9589). (c) Our enhancémbg stereo method
(RMS: 0.459Q)

slanted surfaces exact in the same way as standard glodaddsetn other words, we

do not sacri ce slanted surfaces to preserve discontiesiais opposed to [12].

4.3.3 Implementation Setups

As we mentioned before, we used a horizontal slide bar foniaog stereo images
with a multi- ash camera. Occlusions were estimated by mguhe ashes properly

to the shooting camera positions. This would be equivalentsing two multi- ash
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cameras as shown in Figure 4.13a.

An alternative implementation setup is shown in Figure B.1B this case, the
ashes surround both cameras, and, for each ash, two imagesaptured simultane-
ously by the two cameras. This setup would be more apprepriatprocess dynamic
scenes (using lights with different wavelength or triggerea rapid cyclic sequence),
which is not possible with our setup based on a slide bar. Goegxo the setup showed
in Figure 4.13a, it offers advantages in terms of acquisitime, while requiring only
four light sources. On the other hand, occlusions can nosbmated reliably using
our algorithm described in Section 4.2. Also, the top anddmotratio image traversals
for depth edge detection is not aligned with the pixel gridce the top and bottom
ashes are positioned on the upper and lower diagonals otémeer of projection of
the cameras.

Figure 4.13b shows an implementation setup that uses ordycamera with a
stereo adapter. With such adapter, it is possible to obkeirstereo image pair with
a single shot, eliminating the need for camera synchraoizaExperiments with this

implementation setup are demonstrated next.

4.3.4 Specular Scenes

Specularities pose a problem for stereo matching, singedtesviewpoint depen-
dent and can cause large intensity differences at correspgpoints. With multi- ash
imaging, as we showed in Section 3.3, we can signi cantlyicetthe effect of specular
re ections in images, thus enhancing stereo corresporeleaar specular regions.

We used the setup shown in Figure 4.13c to capture four image @f a specular

scene under different lighting conditions. Figures 4.1d@&414b show the stereo pair
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Figure 4.13: Different multi- ash stereo implementaticetigps. (a) Each camera with
its own ashes. (b) Flashes surrounding both cameras. @3Heés surrounding only
one camera with a Pentax stereo adapter.

(left view and right view, respectively), captured with osiagle shot, using the ash
positioned to the right of the camera. Note how speculardie different in the two
views.

Using the remaining ash images, we can attenuate the effespecular re ec-
tions with our gradient-domain method described in Se@i@n The specular-reduced
image pair is shown in Figures 4.14c and 4.14d.

For stereo matching, we recti ed the images and computedhdegges as pre-
processing. Our enhanced local stereo matching was applxth ash and specular-
reduced image pairs, using a 31x31 search window. The digpaap results are
shown for a region of interest in Figures 4.14e and 4.14f. eNbat we are able to
reduce artifacts due to specularities in the disparity nTdqe artifacts near the handle
of the cup are due to partial occlusions, which were not detkand processed in this
experiment.

Our method uses ash images to handle specularities. Tleetieh and attenuation
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of specular re ections in ambient (no- ash) images has besgently addressed by
Agrawal et al. [4], using ash and no- ash image pairs. Thevadtage of using ash
images is that they are less noisy and more appropriatecfarashvironments.

As we discussed in Section 3.3, when specular boundarielapvua most images,
we are not able to remove specularities. This is the reasgnvwehstill have specular

artifacts in Figure 4.14f.

4.3.5 Efciency

Our qualitative depth map takes about two seconds to congrute Pentium IV
1.8 GHz for 640x480 resolution images. Our enhanced loaaéd stereo algorithm
requires very few computations since depth edges can bewtethpxtremely fast [85].
Our enhanced global method computation time is the sum dirttesfor the qualitative
depth map computation plus the time for belief propagatrmeg@dure. We refer to [30]

for an ef cient implementation of the belief propagatiogatithm.

4.4 Discussion

In addition to the proposed methods described in the prevseation, other meth-
ods that take advantage of our feature maps (e.g., dynaogcgnming or segmentation-
based stereo) could be explored. Signed depth edges caadalused as part of
the matching cost computation. This would be very usefulou-tontrast scenes,
where occluding boundaries may not correspond to inteesigges. The disadvantage
of matching depth edges is that problems may occur when & déptontinuity in one

view corresponds to a surface normal discontinuity in tieoview.
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Figure 4.14: (a) Left view of a ash image. (b) Right view of ash image. (c) Left
view of our specular-reduced image. (d) Right view of ourcsger-reduced image.
(e) Disparity map for a region of interest using the ash iraggir. (f) Disparity map
using the specular-reduced image pair.
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Small baseline multi- ash illumination could be used to anbe multiple view
stereo algorithms for 3D object modeling [67, 96, 19]. Wesreb the work of Crispell
[20] along this direction, which shows the importance ofttlepdges and multi- ash
photography to reconstruct objects with concavities. Inwaork, we applied our fea-
ture maps to aid the establishment of point corresponddretegeen two images ac-
quired with a pair of small baseline cameras.

We note that the shape of the background does not in uencddtextion of depth
discontinuities. It does affect the qualitative depth mamputation and occlusion
detection (only along the shadowed region). In this case etegproximate heights
and occluded areas, respectively, but this is not a probiece shese feature maps are

used as prior information in a Bayesian framework for stenabching.

4.4.1 Comparison with other techniques

Table 4.1 shows a comparison of our multi- ash stereopsig@gch with other
stereo methods. Note that a small baseline ash setup meamn®wot need a labora-
tory setup as in photometric stereo and the cost and contypleika ash attachment
is very low. In addition, for non-intrusive applicationsgewan use readily available
infra-red ash lighting, while projecting high frequencyrsctured patterns requires an
infra-red projector.

Below we give a more detailed discussion of the pros and cémmaiomethod

compared with stereo techniques:
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Table 4.1:Comparison of our technique with other 3D reconstructioprapches.

Passive Stereo

As we showed in the previous section, our method signi gaatihances the estab-
lishment of point correspondences near depth disconigsustind specular highlights,
when compared to passive stereo methods. Both techniqlidaiivin large texture-
less regions. Passive stereo methods are non-intrusiva@aredsuitable for processing
dynamic scenes. In outdoor scenarios, when sun light has mtensity than ash

light, we can not enhance passive stereo matching.

Stereo Based on Structured Light

Active stereo techniques based on structured lightingysreanore accurate corre-
spondence maps than our approach. On the other hand, oundradthrs advantages
in terms of low cost and portability. In addition, our feaunaps could be used to

enhance structured light techniques. Even state of theCagcanners may produce
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Figure 4.15: (a) Original Photo. (b) Our depth edge con dentap. (c) Depth map
from active illumination 3Q scanner. Note the jagged edges.

jagged edges along depth discontinuities, as shown in Eigi5*.

Photometric Stereo

Photometric stereo techniques require a xed lighting ng éhus are limited to in-
dustrial settings, contrasting with our method which carbi into a self-contained
camera. They produce excellent results for smooth, Lanalmesurfaces, but are un-
stable near depth discontinuities or rapid surface norimahges [91]. They offer the

advantage of handling textureless regions and estimatirfigce re ectance properties.

Helmholtz Stereo

Helmholtz stereopsis has the ability to handle surfacel aibitrary re ectance,
in contrast to most previous methods that assume Lambeeiactance. It also offers
the advantage of estimating surface normals in texturelgens. In regions with
texture, both depth and normals are estimated. Similarpphtmometric stereo, light

sources with large baseline are assumed to allow suf cibot@metric variation across

IThanks to Karhan Tan for providing the reconstruction usirgg3Q scanner.
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reciprocal image pairs, so that the normal eld can be edtchaHence, the setup is
dif cult to be built into a self-contained device. In addih, the camera and light
source must be calibrated and moved in a precise and caurfashion. Although the
authors claim that shadows can be used in Helmholtz steraccas for detection of
partial occlusions, no experiments are reported for obtgidiscontinuity preserving

depth maps.

4.4.2 Limitations

Ou approach has the following limitations:

Although we signi cantly enhance passive stereo matchiegrrdiscontinuities
and specularities, our method suffers from other well-kmgroblems in pas-
sive matching, such as handling textureless regions, namsenon-Lambertian
surface re ectance. Some of these problems are addressadibg stereo ap-
proaches, as we mentioned in the last section. Our featups oilatained with
small baseline illumination could be used to enhance theseeallumination

stereo methods as well, as most of them are sensitive netir dispontinuities.

Our method fails for outdoor scenarios when the sun lightrhase intensity
than the ash lights. In this case, depth edges and occlssian not be detected
and used as prior information in stereo. For local sterepatyorithm would be
equivalent to traditional correlation-based approachese the window shape
and size would keep constant along the image. For glob&atare would have
to use intensity edges in addition to the qualitative depaip no set smoothness

constraints.
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Motion is another cause of failure in our approach. Withawafper image reg-
istration, our feature maps can not be computed reliablgsiBte solutions to
this problem include the use of light sources with variabée@length, as we dis-
cussed in section 3.4. However, reliably nding depth edgesotion in general

scenes is still an open research problem.
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Chapter 5

Comprehensible and Artistic

Rendering

Traditional digital cameras are excellent for capturingtdalism in a scene. However,
the captured images may be insuf cient for many applicatiarnere the goal is not
physical realism. For instance, it is useful to synthesmages that intentionally look
different from photographs for technical illustrationgg@ometrically complex scenes,
such as mechanical parts and anatomical structures. Inakeés the goal is to empha-
size important features, while suppressing unnecessaayl,de produce comprehen-
sible, easy to understand images. Another important agipit of non-photorealistic
rendering (NPR) is to create stylized/artistic images,clvimay look like paintings or
pencil portraits.

Creating comprehensible and stylized renderings from @sagather than 3D ge-
ometric models, has recently received a great deal of aitefi25, 116]. Most of

previous techniques involve processing a single imageeasut, applying morpho-
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logical operations, image segmentation and enhanceds.ltémteractive techniques,
such as rotoscoping, have been used as well, but our focoaigdémate tasks where
meticulous manual operation was previously required.

In this chapter, we show that depth discontinuities playrapartant role in non-
photorealistic rendering, showing the application of @ahiniques in comprehensible
rendering, medical imaging, and human facial illustragioifhe idea of using depth
edges for NPR started with Raskar et al. [85, 86] and the raéditaging analysis
was carried out by Tan et al. [109]. Our contributions are tigancerned with the
sections related to tunable abstraction, integration migan-shift segmentation edges,

and human facial illustrations with a large camera- ashdbag.

5.1 Comprehensible Rendering

We now show that depth edges may be very useful for comprédiemendering of
low-contrast and geometrically complex scenes, such abamézal parts, organic and
anatomical structures. Real-world scenes are full of spl@xture, shadows and spec-
ularities. For technical illustrations, we aim to emphadimportant features such as
shape boundaries and reduce unimportant detail assowidtedlutter, less important
colors, and texture. We provide a set of tools to accomphghtask based on depth
edges.

A simple, yet quite effective way of creating easy to underdtimages is to simply
increase the brightness of the input image and superimpeseaptured depth edges.
The resultant images obtained from this process, includimgtomical, organic and

mechanical examples, are showed in Figure 5.1. Notice tinedpark plugs and the
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dip-stick which are now clearly visible in the picture shagyian engine of a car. Also,
the bones of the skeleton and the leaves of the plant ardyctégpicted. No intensity

edge detector would capture these shape features in suatoloirast scenes.

5.1.1 Tunable Abstraction

Another way to reduce visual clutter in an image and emphbadigect shape is to
remove or simplify details not associated with the shap&taties (depth edges) of the
scene, such as texture and illumination variations. Weigeoa gradient domain tool
for accomplishing this task. Our goal is to create large @lbced regions separated by
strokes denoting important shape boundaries. Relevastsletay be lost as the image
is simpli ed, so tunable abstraction is needed The basia id¢o modify the gradient
eld of the input image by attenuating gradients not asseciavith depth edges. We
de ne a mask imag® (x;y), whereM (x;y) = 1:0if (x;y) is a depth edge pixel and
M(x;y) = a, otherwise, wher@;0 a 1, is a parameter that controls tunable

abstraction. Image simpli cation is obtained through tb#dwing algorithm:

Create a mask imagdd (x;y)

Compute intensity gradiemt! (X;y)

Modify masked gradient&(x;y) = r 1 (x;y) M(X;y)
Reconstruct image’to minimizejr 1°  Gj?

Normalizel {x;y) colors to closely match(x;y)

The estimate of the intensity functidncan be obtained by solving a Poisson dif-
ferential equation, as we showed in our methods for specelaction reduction and

qualitative depth map computation. Figure 5.2 illustratestunable abstraction pro-
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Figure 5.1: (Left) Input images of geometrically complex scenes. nchh
anatomical and organic examples. (Right) Comprehensiatelering using our tech-
nique.
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cess, where we render images using 1 (no attenuation)a = 0:5anda = 0 (details
not associated with depth edges are removed). After unsacedetail is suppressed

through our method, depth edges are superimposed in thigar@smage.

5.1.2 Combining with Segmentation Edges

Despite the effectiveness of our texture de-emphasis ithgoifor removing de-
tail, we need to consider some issues that may arise degeodithe scene. Depth
edges may not form closed contours, thus leading to undidsicalor bleeding of re-
gions during image integration. In addition, importantesigot related to depth edges
(such as creases and relevant texture edges) are attenuateaoved with the present
algorithm.

We provide a new tool, combining depth edges with mean-skijimentation, to
tackle these problems. Mean-shift segmentation [18] has becently used for ab-
straction and stylization of photographs and video [25,]1However, general seg-
mentation is still a problem far from being solved. Incotreegmentation boundaries
might cause undesirable edges to be enhanced in the imageoWo, the level of de-
tail is dependent on parameter tuning: a coarse segmeantay lose important ne
detail, while a ne scale segmentation might lead to enharerd of unnecessary detalil,
also increasing the chances of incorrect segmentationdaoies (over-segmentation).
DeCarlo and Santella [25] approached this problem usindragk&ing information, to
select the level of detail in different regions of the image.

Our method involves the following steps:

Create edge maP by applying a coarse scale mean-shift segmentation on the
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Figure 5.2:Tunable abstraction. From left to right: depth edges anddexings with
control parametem=1,a=0:5anda=0.

Figure 5.3:From left to right; input image, texture de-emphasis baselg on depth
edges (notice the color bleeding) and our algorithm whicimbmmes depth edges with
mean-shift segmentation.

input image.

Compute depth edge mép using our multi- ash technique.

LetA = S[ D, where Ais an edge map containing both segmentation anth dept
edges.

Attenuate gradients in the input imagenot associated with edges Mand re-
construct by solving a Poisson equation.

Superimpose only depth edg@son simpli ed imagel .

Notice that we use segmentation information only for hejpinlor assignment, to
avoid color bleeding. Figure 5.3 illustrates the result of algorithm, comparing it

with texture de-emphasis based only on depth edges.
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5.2 Medical Imaging

In many medical applications like minimally invasive surg®ith endoscopes, it
is often dif cult for the surgeon to visualize the 3D shapelwd organs and tissues be-
ing examined. Our multi- ash imaging method captures ddddl shape information
compared with traditional cameras and therefore has thengiat to enhance visual-
ization and documentation in surgery and pathology.

Application of enhanced shadow information to augmentisaftgerception has
not been exploited previously. Shadows normally provideeslabout shape, but with
the circumferential ringlight illumination provided by rsidaparoscopes, this informa-
tion is diminished. Similarly, the intense multi-sourcghiing used for open proce-
dures tends to reduce strong shadow effects. Loss of shadlomniation may make it
dif cult to appreciate the shapes and boundaries of stmestand thus more dif cult to
estimate their extent and size.

Our approach [109] is suitable to enhance traditional ecmjoss, due to the fact
that the light sources can be placed near to the camera. ldwsaompact designs
that can be used in tightly constrained spaces, unlike maaytional 3D shape re-
covery methods where the imaging apparatus must be pladagyatdistances apart.
Figure 5.4 illustrates a laryngeal endoscope enhancedwaltights which are turned
on and off to detect depth edges.

Depth edges in motion can not be handled with our currentpsealso, a full
evaluation with doctors assessing its usefulness compareahventional endoscopic

images is still needed.
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Figure 5.4:(Left) An enhanced endoscope with two lights. (Right) inmatye and
image with depth edges superimposed.

5.3 Human Facial lllustrations

We now turn to the problem of creating artistic images, santib human drawings,
with multi- ash imaging. In particular, we consider the tem of creating automatic
human facial illustrations. Current methods in general@ased on intensity edge de-
tection techniques and thus are dependent on parameiagsetften requiring man-
ual assistance to achieve the desired drawing [40].

Using our small baseline multi- ash illumination techniyuwe are not able to pro-
duce compelling human facial drawings due to the fact thg@iant discontinuities
not associated with depth discontinuities are not captuCedbining our method with
segmentation or edge detection operators would also faihpoure important details
that may not be associated with intensity variation (suategails along the hair), while
possibly including unwanted edges (e.g., due to skin textur

Ou approach consists in using a larger camera- ash basétistead of looking for
depth edges on the ratio images, we apply a Sobel edge datpet@tor (which keeps

only negative transitions) on each ratio image and comiieeoutputs to obtain an
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Figure 5.5:Fully automatic human facial illustrations with a large cama- ash base-
line setup.

artistic illustration. Figure 5.5 (Top) shows an exampleielo the large camera- ash
baseline, we obtain more shading variation and ne deth#s would not be captured
with small baseline illumination. For instance, due to tbenplex hair re ectance, the
ratio of large baseline images allows the detection of irtgodrhair edges, as showed
in the example. Motion during image capture also contribtivedetect edges due to
material changes.

Our technique may also be combined with image deformatia@ohstruct carica-
tures, as shown in Figure 5.5 (Bottom). In this example, weated edges using a
large-baseline setup and superimposed the edges on theinmpge (with increased

brightness). We have not seen any previous method that daevacresults of this
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quality in a fully automatic way. For proper caricature diags, facial features should
be analysed in order to determine the appropriated defaymet be applied.

We imagine our method would be useful in low-bandwidth viomderencing sys-
tems. Figure 5.6 shows black and white human facial illtistina obtained with our
technique (Figure 5.6b), with a Sobel Operator (Figure )5.8nd with Canny edge
detection (Figure 5.6d). Clearly, our method captures moportant details and fa-
cilitates recognition. Two-tone images consume signitbafess storage, thus being

suitable for rapid transmission over a network, for telecamication.
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Figure 5.6:Black and white illustrations. (a) Original photograph.)©ur result with
large-baseline multi- ash imaging. (c) The thresholdedpu of a Sobel operator. (d)
Canny edge detection.

118



Chapter 6

Exploiting Depth Discontinuities for

Visual Recognition

In this chapter, we show the usefulness of depth disconit@sun visual recognition. In
particular, we present a novel method for automatic ngeligpy recognition which
is able to discriminate complex hand con gurations withhh@mounts of nger oc-
clusions. Such a scenario, while common in most ngerspglalphabets, presents a
challenge for vision methods due to the low intensity vasialong important shape
edges in the hand image. We demonstrate great improvementethods that rely

on features acquired by traditional edge detection and setation algorithms.

6.1 Vision-Based Fingerspelling Recognition

Sign language is the primary communication mode used by desdtpeople. It

consists of two major components: 1) word level sign vocaityiwhere gestures are
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used to communicate the most common words and 2) ngersigeNvhere the ngers
on a single hand are used to spell out more obscure words apérmmouns, letter by
letter. Facial expressions can also be employed to disshgiatements, questions and
directives.

Over the past decade, great effort has been made to devedtgirss/capable of
translating sign language into speech or text, aiming tdit@e the interaction be-
tween deaf and hearing people. Extensive research has beenrdboth word level
and ngerspelling components.

Previous approaches to word level sign recognition relyityean statistical mod-
els such as Hidden Markov Models (HMMs) [102, 115, 17]. Ebasdlrecognition rates
were obtained for small word lexicons, but scalability i#l sin issue for glove-free
sign recognition. For ngerspelling recognition, most sassful approaches are based
on instrumented gloves, which provide information abouwen positions. Lamar and
Bhuiyant [60] achieved letter recognition rates rangirgrfr70% to 93%, using col-
ored gloves and neural networks. More recently, Rebollaal.et[88] used a more
sophisticated glove to classify 21 out of 26 letters with Z08ccuracy. The worst
case, letter 'U', achieved 78% accuracy.

In general, non-intrusive vision-based methods, whilefulsir recognizing a
small subset of convenient hand con gurations [57, 8], argtéd to discriminate con-
gurations with high amounts of nger occlusions - a commamegsario in most nger-
spelling alphabets. In such cases, traditional edge aeect segmentation algorithms
fail to detect important internal edges along the hand slidpe to the low intensity
variation in skin-color), while keeping edges due to naitsl avrinkles, which may

confound scene structure and the recognition process (gae=F5.1b). Also, some
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Figure 6.1: (a) Letter 'R' in ASL alphabet. (b) Canny edges. Note thataongmt
internal edges are missing, while edges due to wrinkles ail$ wonfound scene
structure. (c) Depth edges obtained with our multi- ashihteique.

signs might look very similar to each other, with small difieces on nger positions,
thus posing a problem for appearance-based approaches [57]

We show that depth discontinuities may be used as a signatueéably discrimi-
nate among complex hand con gurations in the ASL alphales E&agure 6.1c), which
would not be possible with current glove-free vision metho8or classi cation, we
have used a shape descriptor similar in spirit to shape xomatching [10], which is
invariant with respect to image translation and scaling.

In Section 3.1 we demonstrated a reliable method for defjh ddtection based on

multi- ash imaging. Next we describe our shape descriptat elassi cation method.

6.2 Shape Descriptor and Classi cation

In this section, we present a shape descriptor for depthsadigeh is invariant with
respect to image translation and scale. Our approach idesiamgl yet very effective.
It has been recently evaluated on a large dataset for cobéesetd image retrieval [71].

The basic idea is illustrated on Figure 6.2. For each edgd pixnterest, we rst
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Figure 6.2:Shape descriptor used for classi cation.
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analyze its context by counting the number of other edgelpireeight neighboring
regions, as shown in Figure 6.2(a). This gives us a vectoightt @lementC;; 1

i 8(Figure 6.2b). We then normalize each element for scaleimvee (Figure 6.2c)
by denotingS; = Ci=C, whereC = P iSCi. Finally, thresholding is applied (Figure
6.2d), so that each element encodes the information ofrehilgéx or low density of
edge pixels along a speci c direction of the pixel of intdrehe threshold valué:15
is obtained empirically.

Inspired by the concept of Local Binary Patterns [72] in tledd of texture anal-
ysis, the values "0”s and "1”s are arranged counter-closkvitom a reference region
(in our example, the bottom-right region) to express ant®ioiary number. The cor-
respondent decimal numbey0 d 255is used to vote for the respective bin in the
histogram shown in Figure 6.2e. A 256-dimensional featecar is then obtained by
applying the above mentioned process to all edge pixelssidépth edge image.

Since the descriptor is based on the relative position oégailkels, it is clear that
it is invariant with respect to image translation. Scaleamance is obtained in the
normalization step. The descriptor can also be made rotati@riant [71]. However,
this may not be appropriated for some ngerspelling alphslfe.g., Japanese Sign
Language), which might have letters that are rotated vessob the others.

We have used a nearest-neighbor technique for classiratitially, supervised
learning is carried out by acquiring a set of images for eatied in the ngerspelling
alphabet. Depth edges are then extracted and the shapgtedechnique is applied,
so that a training database comprised of labeled 256-dimgisfeature vectors is
formed. Given a test image, features are extracted and #s df the best match

training sample according to Euclidean distance is redorte
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Figure 6.3:(a) Letter 'K' of ASL alphabet. (b),(c) Mean-shift segmeiaa algorithm
with different parameter settings. (d) Output of our method

6.3 EXxperiments

We compared the hand contours obtained using our technigbetive output of
a traditional Canny edge detector [16] and a state-of-thesaan-shift segmentation
algorithm [18]. We refer to Figure 6.1 for a comparison of ouethod with Canny
edges. Changing parameter settings in the Canny algorittutd ceduce the amount
of clutter, but important edges along the hand shape woilldst be detected. Figure
6.3 shows a comparison with mean-shift algorithm. Cleahe to the low intensity
skin-color variation in the inner hand region, the segmtmtamethod is not able to
detect important boundaries along depth discontinui@@s.method accurately locates
depth edges and also offers the advantage that no pararettiegs are required.

We realized that depth edges are good features to disctien@maong signs of n-
gerspelling alphabets. Even when the signs look very sirfeéla., letters 'E';'S" and
'‘0O'in ASL alphabet), the depth edge signature is quite disgrative (see Figure 6.4).
This poses an advantage over vision methods that rely orasqpee or edge-based
representations. Note that our method does not detect @dgeger boundaries with

no depth discontinuity. It turns out that this is helpful toyde more unique signatures
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Figure 6.4:From left to right: input image, Canny edges and depth ediste that
our method misses nger boundaries due to the absence df dégtontinuities. This
turns out to be helpful to provide unique signatures for elatter.

for each letter.

In order to quantitatively evaluate the advantages of udemgh edges as features
for ngerspelling recognition, we considered an experimeith the complete ASL
alphabet, except letters 'J' and 'Z', which require motiamadysis to be discriminated.
We collected a small set of 72 images using our multi- ash eear(three images per
letter, taken at different times, with resolution 640x480The images showed varia-
tions in scale, translation and slight variations in ratati The background was plain,
with no clutter, since our main objective is to show the intpoce of obtaining clean
edges in the interior of the hand. It is worth mentioning tiextured but at/smooth
backgrounds would not affect our method, but would make @e el@tection approach
(used for comparison) much more dif cult.

For each image, features were extracted as described iorse8t1 and 6.2. For

sake of comparison, we also considered shape descripteexl lmn Canny edges.
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Figure 6.5:Letters 'R’, 'U" and V', the worst cases reported in [88]. Ne that the
use of a depth edge signature can easily discriminate them.

Figure 6.6:A dif cult case for traditional algorithms (letters 'G' antH'), where our
method may also fail.

Recognition rate was obtained using a leave-one-out sclrethe collected dataset.
Our approach achieved 96% of correct matches, compare@84twhen using Canny
edges.

Rebollar [88] mentioned in his work that letters 'R’, 'U" ardl" represented the
worst cases, as their class distributions overlap sigmitisa Figure 6.5 shows these
letters and their corresponding depth edge signaturese that they are easily dis-
criminated with our technique. In the experiment descri@lkdve, the method based
on Canny edges fails to discriminate them.

Figure 6.6 shows a dif cult case for traditional methods,amd our method also
fails to discriminate between letters 'G' and 'H'. In thisg@ular case, we could make
use of additional information, such as the intensity vasrathat happens between the

index and the middle nger in letter 'H' and not 'G".
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Figure 6.7:(a) Canny edges (b) Depth edges. Note that our method coabige
reduces the amount of clutter, while keeping importantitetahe hand shape.

All the images in our experiment were collected from the sg®eson. A more
complete evaluation would include a database with diffesggners. We believe that
our method will better scale in this case, due to the facttdwtire edges (e.g., wrin-
kles, freckles, veins) vary from person to person and areiedited in our approach.
Also, shape context descriptors [10] have proven usefuh&mdling hand shape vari-
ation from different people. For cluttered scenes, our weitlould also offer the ad-
vantage of eliminating all texture edges, thus considgnaalucing clutter (see Figure
6.7)

For segmented hand images with resolution 96x180, the ctatipoal time re-
quired to detect depth edges is 4ms on a Pentium IV 3GHz. TapesHescriptor
computation requires on average 16ms. Thus, our methodtabkifor real-time
processing. For improving hand segmentation, depth edgdd be computed in the
entire image. In this case, the processing time for 640xAg&@es is 77ms.

Our method could also be adapted for continuous sign retiogrin video. We
are currently exploiting a frequency division multiplegischeme (Section 3.4), where

ashes with different colors (wavelength) are triggerechsitaneously. We hope this
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will allow for ef cient on-line tracking of depth edges ingm language analysis.

6.4 Discussion

The main difference of our shape descriptor from the onegseg by Belongie et
al. [10] lies in the application of local binary patterns ahd voting scheme. Hence
we do not use the graph matching step (as in shape contextimgtcwhich makes
the method simpler to implement and faster.

Shadows have already been exploited for gesture recogratid interactive ap-
plications. Segen and Kumar [95] describes a system whieh sisadow information
to track the user's hand in 3D. Leibe et al. [64] presentedcthrecept of gerceptive
workbench where shadows caused by infrared lighting are exploitegstonate 3D
hand position and pointing direction. Applications of thaiethod include augmented
reality gaming and terrain navigation.

These approaches consider light sources far away from thereacenter of pro-
jection and casted shadows are separated from the objectentrast, our approach
consider light sources with small baseline distance froencdimera, allowing them to
be built in a self-contained device, no larger than existliggtal cameras.

We have not seen any previous technique that is able to plea@squire depth
discontinuities in complex hand con gurations. In fact, shetereo methods for 3D
reconstruction would fail in such scenarios, due to theutetéss skin-color regions as
well as low intensity variation along occluding edges.

Many exemplar-based [8] and model-based [65] approaciesmezdge features

for hand analysis. We believe that the use of depth edgesiMead to signi cant im-
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provements in these methods. Word level sign language nécmy could also bene t
from our technique, due to the high amounts of occlusionslwed. Flashes in our
setup could be replaced by infrared lighting for user irdBva applications.

We noticed that depth edges might appear or disappear wih shanges in view-
point (rotations in depth). This was in fact explored in tlaghics community with
the concept okuggestive contouri4]. We believe this may be a valuable cue for
hand pose estimation [8].

A common thread in recent research on pose estimation iesalsing a 3D model
to create a large set of exemplars undergoing variation $e pas training data [97, 8].
Pose estimation is formulated as an image retrieval probteims dataset. We could
use a similar approach to handle out-of-plane hand rotatiomthis case, a 3D hand
model would be used to store a large set of depth edge sigsaitihand con gurations

under different views. Another member of our lab is curnentbrking on this problem.
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Chapter 7

Conclusions

In this dissertation, we have addressed the problem of tieteand modeling of depth
discontinuities in computer vision. We showed that deptht@ors can be estimated
reliably from real-world scenes and used as a positive goofrmaformation for image

analysis algorithms, including stereo matching and viseebgnition. Most previous
methods have treated depth discontinuities as a sourcas# mofull 3D scene recon-

struction.

7.1 Synopsis

Our research extended initial work on multi- ash imaging é®pth edge detection
[85] in different ways. First, we showed that by varying miination parameters, such
as the number, spatial position, type, and wavelength ot bgurces, we can detect
depth discontinuities in a wider range of imaging condisioSecond, we showed that

by combining viewpoint variation with multi- ash illumirteon, we can signi cantly
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improve dense stereo matching near depth discontinuikesally, we demonstrated
that depth edges can be useful in different computer visnehgaaphics applications,

including non-photorealistic rendering, medical imagiagd visual recognition.

7.1.1 Varying lllumination Parameters

A multi-baseline approachwas proposed to detect depth edges in different scales.
By placing light sources at different baselines, and usiggriéhms to combine the set
of images, we were able to detect depth edges associatedmalhand large changes
in depth. For thin objects, false edges may be detected argle baseline light sources,
due to detached shadows. We have investigated algorithdsauel setups to handle
this problem. In particular, we compared the use of linggintlsources with multiple
point light sources, discussing their pros and cons.

We showed that specularities pose a problem for depth edgetaba and proposed
a gradient-domain method fepecular re ection reduction in multi- ash imaging.
Our approach consists in taking the median of gradientseofrthut images and then
integrating the gradient eld to obtain a specular-reduicegige. We analyzed different
cases according to the movement of specularities and shthaedur method can be
used to signi cantly reduce spurious edges in depth edgectien, when compared to
the traditional algorithm based on the maximum composith@input images.

Usinglights with diffent wavelength, we proposed a method to detect depth edges
in dynamic scenes. Our method works by triggering the lightses at the same time,
while analyzing the color of shadows to detect depth edgbks i$ useful for speci c
applications (such as hand gesture interpretation), leubtéthod is limited to handle

general scenes, as the color of shadows depend on the albetgcts in the scene.
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For general scenes, we used a technique based on a refeneage captured with
white lights. Although this technique does not solve theiaroproblem, it reduces the

acquisition time, allowing motion compensation algorithto work better.

7.1.2 Varying Viewpoint

We combined viewpoint variation with small baseline mudigh illumination to
produce accurate stereo correspondence maps near degghtoisities. Using a sin-
gle multi- ash camera, we formulated gualitative depth map, which is based on
two important quantities: the sign of each depth edge piwkich indicates which
side of the edge is the foreground and which is the backgrcamiithe shadow width
information, which encodes object relative distances.

In a multi-view setup, amcclusion mapwas proposed to label partial occluded
regions in stereo, using the length of shadows created bys#hes. We then demon-
stratedenhanced local and global stereo algorithmghat use these rich feature maps
(qualitative depth and occlusion) as prior information.npared with passive tech-
niques, our method shows signi cant superior results inaeg near depth disconti-
nuities. Compared to previous active illumination apphes; our method offers ad-
vantages in terms of low cost and portability. Our featur@sneould also be used to

complement active lighting approaches, which may prodagggd depth edges.

7.1.3 Applications

Many applications can bene t from our proposed methods. Jinaitative depth

map can be used fomage segmentationwhile establishing object depth-order re-
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lations. Following the work of Raskar [85], we have workedram-photorealistic
rendering techniques including tunable abstraction, integration of depth edgéh
mean-shift segmentation edges, and human facial illustrsit We also showed depth
edge detection imedical imaging based on the work of Tan et al. [109]. Finally, we
have demonstrated the importance of depth edgesual recognition. In the prob-
lem of ngerspelling recognition, we showed a system thaaots signi cant higher

recognition rate when compared to a system based on intestsjes.

7.1.4 Remarks

Many techniques presented in this dissertation (e.qg.itqtigé depth, enhanced
stereo, ngerspelling recognition) are independent of thelti- ash camera setup.
Signed depth edges could be computed using other technfiqaependent of multi-
ash imaging) and used as input for our methods.

There are cases where we need to know scene properties hefadyeng our ap-
proach. For example, we need to know whether the scene nesmainot a back-
ground in order to use our ash/no- ash technique to detesgitd contours in a non-
background scenario. Also, the choice for linear or poigihtisources (or even for
using our multibaseline approach) is dependent on the taskeene complexity.

Except for the qualitative depth map computation and théajlstereo matching
approach, our techniques could be implemented in real-tifitee basic multi- ash
method for depth edge detection takes 77ms on a Pentium IVz3@Himages with
resolution 640x480.

Finally, a more comprehensive evaluation, including marangitative results, is

necessary for assessing the performance of our methodsisTdif cult and subjective
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for some of our techniques (e.g., for non-photorealistdezing results).

7.2 Future Work

There are a number of potential areas for future work invauiscontinuity de-
tection and modeling. Within our framework of varying ligig and viewpoint param-
eters,novel imaging modelsfor depth edge detection and 3D photography could be
exploited. For example, lights placed out of the cameragtaruld be used for faster
acquisition in depth edge detection. The imaging geomdttyo lights positioned in
front and behind the camera along the optical axis (usingaanisplitter) would allow
detection of depth edges with two shots.

Another example would be to consider setups with a light s®surrounded by
cameras, rather than a camera surrounded by light sourdes.cduld facilitate the
detection of depth edges in motion by keeping the light abvary. The drawback is
the need to solve the correspondence problem, but shadowd sidl be a useful cue
for improving the matching through the detection of pamietiusions.

Outdoor scenes could be handled by using different imagiettpads (such as radar
or sonar). Another direction is to take advantage of the highber of images available
on the web for the same location, in the same spirit ofRheto Tourisnproject [99].

As we mentioned in section 3.4, infrared lighting could befukfor detection
of depth edges in dynamic scenes. Research on passive steteoques that are
designed to detect discontinuities [12], rather than (addition to) the full disparity
map, would allow the detection of depth edges in outdooresemhich is not possible

with our approach.
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Beyond illumination and viewpoint, the variation of other imaging parameters
could be applied for detection and modeling of depth disoaoities. Variable focus
has been recently exploited for silhouette extraction iage matting [69]. Coded
exposure photography in conjunction with strobed lightiaghes could be used to
analyze depth edges in motion, as noted by Raskar et al. [83].

Beyond depth edgesa new direction is to use imaging techniques to detect other
physical discontinuities, including discontinuities uirface normal, illumination, mo-
tion and albedo. For example, similarly to depth edge detectan we detect discon-
tinuities in surface normal or motion without the full denskl estimation? How can
we integrate different discontinuity detection modulesifioage analysis? The answer
to these questions could lead to a framework for generaksgederstanding based on

discontinuities.
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