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Abstract. We presentonfocal sterepa new method for computing 3D shape by controlling
the focus and aperture of a lens. The method is speci calligied for reconstructing scenes
with high geometric complexity or ne-scale texture. To asle this, we introduce theonfocal
constancyproperty, which states that as the lens aperture variegixleéintensity of a visible in-
focus scene point will vary in a scemedependenivay, that can be predicted by prior radiometric
lens calibration. The only requirement is that incomingiaade within the cone subtended by
the largest aperture is nearly constant. First, we develigtailed lens model that factors out the
distortions in high resolution SLR cameras (12MP or moreghJarge-aperture lenses (e.g., f1.2).
This allows us to assemble @1 F aperture-focus image (AFI) for each pixel, that collects th
undistorted measurements over Allapertures ané focus settings. In the AFI representation,
confocal constancy reduces to color comparisons withironsgof the AFI, and leads to focus
metrics that can be evaluated separately for each pixel. rdfeope two such metrics and present
initial reconstruction results for complex scenes, as aglfor a scene with known ground-truth
shape.

Keywords: defocus, depth from focus, depth from defocus, 3D recoastm, stereo, camera
calibration, wide-aperture lenses
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Figure 1. (a) Wide-aperture image of a complex scene Li@f}: Successive close-ups of a region
in (a), showing a single in-focus strand of hd&ight: Narrow-aperture image of the same region,
with everything in focus. Confocal constancy tells us thatititensity of in-focus pixels (e.g., on
the strand) changes predictably between these two viewShéaperture-focus image (AFI) of a
pixel near the middle of the strand. A column of the AFI cditethe intensities of that pixel as the
aperture varies with focus xed.

1 Introduction

Recent years have seen many advances in the problem of neaimgt complex 3D scenes from
multiple photographs [56, 16, 22]. Despite this progressydver, there are many common scenes
for which obtaining detailed 3D models is beyond the statéhefart. One such class includes
scenes that contain very high levels of geometric detadh s hair, fur, feathers, miniature ow-
ers, etc. These scenes are dif cult to reconstruct for a rermbreasons—they create complex 3D
arrangements not directly representable as a single gutfagir images contain ne detail beyond
the resolution of common video cameras; and they create learaplf-occlusion relationships. As
a result, many approaches either side-step the reconstrymbblem [16], require a strong prior
model for the scene [50, 37], or rely on techniques that apprate shape at a coarse level.

Despite these dif culties, the high-resolution sensorsoiday's digital cameras open the pos-
sibility of imaging complex scenes at a very high level ofaillet With resolutions surpassing
12Mpixels, even individual strands of hair may be one or nmxels wide (Fig. 1a,b). In this
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paper, we explore the possibility of reconstructing suanss with a new method callednfo-
cal stereg which aims to compute depth maps at sensor resolutionoédth the method applies
equally well to low-resolution settings, it is designed xpleit the capabilities of high-end digital
SLR cameras and requires no special equipment besidesrteraand a laptop. The only key
requirement is the ability to actively control both the d@pex and focus setting of the lens.

At the heart of our approach is a property we aahfocal constangywhich states that as
the lens aperture varies, the pixel intensity of a visibldocus scene point will vary in a scene-
independentvay, that can be predicted by prior radiometric lens calibra To exploit confocal
constancy for reconstruction, we develop a detailed lendeinibat factors out the geometric and
radiometric distortions observable in high resolution Siaheras with large-aperture lenses (e.g.,
f1.2). This allows us to assemble An F aperture-focus image (AFfbr each pixel, that collects
the undistorted measurements over Alapertures andr focus settings (Fig 1c). In the AFI
representation, confocal constancy reduces to color cosgpes within regions of the AFI and
leads to focus metrics that can be evaluated separateladbr@xel.

Our work has four main contributions. First, unlike exigtidepth from focus or depth from
defocus methods, our confocal constancy formulation shibdswe can assess focus without
modeling a pixel's spatial neighborhood or the blurringgedies of a lens. Second, we show that
depth from focus computations can be reduced to pixelwitngity comparisons, in the spirit
of traditional stereo techniques. Third, we introduce tperture-focus-image representation as a
basic tool for focus- and defocus-based 3D reconstruckoarth, we show that together, confocal
constancy and accurate image alignment lead to a reconstratgorithm that can compute depth
maps at resolutions not attainable with existing techréquie achieve all this, we also develop
a method for the precise geometric and radiometric alignrehigh-resolution images taken at
multiple focus and aperture settings, that is particulauiyed for professional-quality cameras and
lenses, where the standard thin-lens model breaks down.

We begin this article by discussing the relation of this wtwlcurrent approaches for recon-
structing scenes that exploit defocus in wide-aperturegegsa Section 3 describes our generic
imaging model and introduces the property of confocal camst. Section 4 gives a brief overview
of how we exploit this property for reconstruction and Saasi 5-6 discuss the radiometric and
geometric calibration required to relate high resolutimages taken with different lens settings. In
Section 7 we show how the AFI for each pixel can be analyzeeldaddently to estimate depth, us-
ing both confocal constancy and its generalization. Bm&léction 8 presents experimental results
using images of complex real scenes, and one scene for wiodhndtruth has been recovered.
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2 Related Work

Our method builds on ve lines of recent work—depth from fecdepth from defocus, shape from
active illumination, camera calibration, and synthetier@pre imaging. We brie y discuss their
relation to this work below.

Depth from focus Our approach can be thought of as a depth from focus methatiatnwve
assign depth to each pixel by selecting the focus settingntfaximizes a focus metric for that
pixel's AFI. Classic depth from focus methods collect imagesultiple focus settings and de ne
metrics that measure sharpness over a small spatial windowunding the pixel [26, 8, 34].
This implicitly assumes that depth is approximately comistar all pixels in that window. In
contrast, our criterion depends on measurements at a gig@eand requires manipulating a
second, independent camera parameter (i.e., apertured.résult, we can recover much sharper
geometric detail than window-based methods, and also eeatepth with more accuracy near
depth discontinuities. The tradeoff is that our method meguus to capture more images than
other depth from focus methods.

Depth from defocus Many depth from defocus methods directly evaluate defomes spatial
windows, e.g., by tting a convolutional model of defocusitbages captured at different lens
settings [39, 43, 54, 48, 15, 18]. Spatial windowing is alsplicit in recent depth from defo-
cus methods based on deconvolving a single image, with tipedfieoded apertures and natural
image statistics [29, 46]. As a result, none of these metlcadshandle scenes with dense dis-
continuities like the ones we consider. Moreover, whiletdedpom defocus methods generally
exploit basic models of defocus, the models used do not capte complex blurring properties
of multi-element, wide-aperture lenses, which can adWgeféect depth computations.

Although depth from defocus methods have taken advantagigecdbility to control camera
aperture, this has generally been used as a substitute dos fwontrol, so the analysis remains
essentially the same [39, 43, 18]. An alternative form ofrae control involves using specially
designed pairs of optical lters in order to compute deriveas$ with respect to aperture size or
viewpoint [10], illuminating the connection between dafedbased methods and small-baseline
stereo [10, 41]. Our method, on the other hand, is speciyaddisigned to exploit image variations
caused by changing the aperture in the standard way.

A second class of depth from defocus methods formulatedhidepovery as an iterative global
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energy minimization problem, simultaneously estimatiegtth and in-focus radiance at all pixels
[40, 24, 11, 12, 6, 14, 32, 20]. Some of the recent methodsisnfthmework model defocus in
greater detail to better handle occlusion boundaries [632420], but rely on the occlusion bound-
aries being smooth. Unfortunately, these minimizatioedoamethods are prone to many local
minima, their convergence properties are not completetietstood, and they rely on smoothness
priors that limit the spatial resolution of recovered depidps.

Compared to depth from defocus methods, which may requirglask a single image [29, 46],
our method requires us to capture many more images. Agaentréldeoff is that our method
provides us with the ability to recover pixel-level depth filee geometric structures, which would
not otherwise be possible.

Shape from active illumination Since it does not involve actively illuminating the scenar o
reconstruction approach is a “passive” method. Severahoaistuse active illumination (i.e., pro-
jectors) to aid defocus computations. For example, by ptiojg structured patterns onto the scene,
it is possible to control the frequency characteristicsefbdused images, reducing the in uence
of scene texture [35, 11, 33]. Similarly, by focusing the eaarand the projected illumination onto
the same scene plane, confocal microscopy methods areoabiadge (and therefore reconstruct)
transparent scenes one slice at a time [49]. This approachlsa been explored for larger-scale
opaque scenes [30].

Most recently, Zhang and Nayar developed an active illutronamethod that also computes
depth maps at sensor resolution [55]. To do this, they etaltinre defocus of patterns projected
onto the scene using a metric that also relies on singld-pieasurements. Their approach can
be thought of as orthogonal to our own, since it projects ipleltdefocused patterns instead of
controlling aperture. While their preliminary work has nangonstrated the ability to handle
scenes of the spatial complexity discussed here, it may bsilge to combine aperture control
and active illumination for more accurate results. In gcagtactive illumination is most suitable
for darker environments, where the projector is signi damtrighter than the ambient lighting.

Geometric and radiometric lens calibration Because of the high image resolutions we employ
(12Mpixels or more) and the need for pixel-level alignmesitteen images taken at multiple lens
settings, we model detailed effects that previous methoete wot designed to handle. For ex-
ample, previous methods account for radiometric varidbypnormalizing spatial image windows
by their mean intensity [43, 39], or by tting a global paraime model such as a cosine-fourth
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falloff [25]. To account for subtle radiometric variatiotigat occur in multi-element, off-the-shelf
lenses, we use a data-driven, non-parametric model thatiatsfor the camera response function
[9, 19] as well as slight temporal variations in ambient figh. Furthermore, most methods for
modeling geometric lens distortions due to changing foeuom setting rely on simple magni-
cation [2, 8, 47, 35] or radial distortion models [51], win@re not suf cient to achieve sub-pixel
alignment of high resolution images.

Synthetic aperture imaging While real lenses integrate light over wide apertures in dicoaus
fashion, multi-camera systems can be thought of as a didgreampled synthetic aperture that
integrates rays from the light eld [31]. Various such systehave been proposed in recent years,
including camera arrays [31, 23], virtual camera arraysiated using mirrors [30], and arrays of
lenslets in front of a standard imaging sensor [1, 36]. Oukwan be thought of as complementary
to these methods since it does not depend on having a sings&cphaperture; in principle, it can
be applied to synthetic apertures as well.

3 Confocal Constancy

Consider a camera whose lens contains multiple elements and hange of known focus and
aperture settings. We assume that no information is aveil@out the internal components of
this lens (e.g., the number, geometry, and spacing of itaes). We therefore model the lens
as a “black box” that redirects incoming light toward a xeelnsor plane and has the following
idealized properties:

Negligible absorption: light that enters the lens in a given direction is either kéztfrom
exiting or is transmitted with no absorption.

Perfect focus: for every 3D point in front of the lens there is a unique focattisg that
causes rays through the point to converge to a single pixtH@sensor plane.

Aperture-focus independence:the aperture setting controls only which rays are blocked
from entering the lens; it does not affect the way that lighteidirected.

These properties are well approximated by lenses used fagsional photography applicatidns

1There is a limit, however, on how close points can be andmilbrought into focus for real lenses, restricting the
3D workspace that can be reconstructed.
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Figure 2. Generic lens model. (a) At the perfect focus setting of p{xel/), the lens collects
outgoing radiance from a scene pomand directs it toward the pixel. The 3D position of point
p is uniquely determined by pix€k;y) and its perfect focus setting. The shaded cone of rays,
Gy (;f ), determines the radiance reaching the pixel. This coneubses of the cone subtended
by p and the front aperture because some rays may be blockeddogahtomponents of the lens,
or by its back aperture. (b) For out-of-focus settings, #mslintegrates outgoing radiance from a
region of the scene.

wherel ; is the image captured with apertureand focal setting . As in previous defocus-based
methods, we assume that the camera and scene are statianag/ttle acquisition [26, 39, 55].

Suppose that a 3D poimpt on an opaque surface is in perfect focus in imhgeand suppose
that it projects to pixe{x;y). In this case, the light reaching the pixel is restricted toae fromp
that is determined by the aperture setting (Fig. 2). For a@ewnith a linear response, the intensity
|+ (X;y) at the pixel is proportional to the integral of outgoing &atte over the cone, i.e.,

Z
e (Xy) = L(p;!)d!; (1)
1 2Cyy (i )

where! measures solid angle(p;! ) is the radiance for rays passing throygh is a constant
that depends only on the sensor's response function [9ab@lC,, ( ;f ) is the cone of rays that
reach(x;y). In practice, the apertures on a real lens correspond totacheequence of cones,
Cy( 1;f) 1 C,( a:f), leading to a monotonically-increasing intensity at theep(given
equal exposure times).

If the outgoing radiance at the in-focus pomtemains constant within the cone of the largest
aperture, i.el.(p;! ) = L(p), and if this cone does not intersect the scene elsewhereglti®n
between intensity and aperture becomes especially simiplearticular, the integral of Eq. (1)
disappears and the intensity for aperturés proportional to the solid angle subtended by the
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associated cone, i.e.,
e (iy) = kGy(;f )kL(p); (2)
R
wherek Gy (;f )k = Gy () d! . As aresult, the ratio of intensities at an in-focus poimttieo

different apertures is a scene-independent quantity:

Confocal Constancy Property

e (65y) _ KGy(5f )k def
Lr(Gy)  kGy( i)k

Ry (5f ) 3)

Intuitively, the constant of proportionalityR,, ( ;f ), describes the relative amount of light re-
ceived from an in-focus scene point for a given apertures €aonstant, which we call threlative
exitanceof the lens, depends on lens internal design (front and bpekwes, internal elements,
etc.) and varies in general with aperture, focus setting, @rel position on the sensor plane.
Thus, relative exitance incorporates vignetting and osti@ilar radiometric effects that do not
depend on the scene.

Confocal constancy is an important property for evaluatogysé for four reasons. First, it holds
for a very general lens model that covers the complex lermasnly used with high-quality SLR
cameras. Second, it requires no assumptions about therappeaf out-of-focus points. Third,
it holds for scenes with general re ectance propertiesyioied that radiance is nearly constant
over the cone subtended by the largest apeftufeurth, and most important, it can be evaluated
at pixel resolutionbecause it imposes no requirements on the spatial layeutdepths) of points
in the neighborhood gb.

4 The Confocal Stereo Procedure

Confocal constancy allows us to decide whether or not thet poajecting to a pixel(x;y) is in
focus by comparing the intensitiés (x;y) for different values of aperture and focusf . This
leads to the following reconstruction procedure (Fig. 3):

1. (Relative exitance estimation)Compute the relative exitance of the lens for #hapertures
andF focus settings (Section 5).

2For example, an aperture with an effective diametet@hm locatedl:2m from the scene correspondsab%
of the hemisphere, or a cone whose rays are less3fdarapart.
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Figure 3. Overview of confocal stereo: (a) Acquie F images ovelA apertures andr
focus settings. (b) Align all images to the reference imagking into account both radiometric
calibration (Section 5) and geometric distortion (Secton (c) Build theA F aperture-focus
image (AFI) for each pixel. (d) Process the AFI to nd the biestocus setting (Section 7).

2. (Image acquisition) For each of thé= focus settings, capture an image of the scene for
each of theA apertures.

3. (Image alignment) Warp the captured images to ensure that a scene point dfetie
same pixel in all images (Section 6).

4. (AFI construction) Build anA  F aperture-focus image for each pixel, that collects the
pixel's measurements across all apertures and focusg®ttin

5. (Confocal constancy evaluation) For each pixel, process its AFI to nd the focus setting
that best satis es the confocal constancy property (Sectjo

5 Relative Exitance Estimation

In order to use confocal constancy for reconstruction, wetrha able to predict how changing the
lens aperture affects the appearance of scene points éhatfacus. Our approach is motivated by
three basic observations. First, the apertures on reatdegue non-circular and the f-stop values
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Figure 4. (a) Images of an SLR lens showing variation in aperture shafiecorresponding
images of a diffuse plane. (Bpp: comparison of relative exitances for the central pixel catid

in (a), as measured using Eq. (3) (solid graph), and as ajppated using the f-stop values (dotted)
according toR,, (;f ) = %= 2[9]. Bottom: comparison of the central pixel (solid) with the
corner pixel (dotted) indicated in (a). The agreement idgoo narrow apertures (i.e., high f-stop
values), but for wider apertures, spatially-varying effere signi cant.

describing them only approximate their true area (Fig. 4&lecond, when the effective aperture
diameter is a relatively large fraction of the camera-tgeobdistance, the solid angles subtended
by different 3D points in the workspace can differ signi ¢r® Third, vignetting and off-axis
illumination effects cause additional variations in thghli gathered from different in-focus points
[42, 25] (Fig. 4b).

To deal with these issues, we explicitly compute the redaéixitance of the lenR,, (;f ),
for all apertures and for a sparse set of focal settings This can be thought of as a scene-
independent radiometric lens calibration step that mugidséormed just once for each lens. In
practice, this allows us to predict aperture-induced isitgrchanges to within the sensor's noise
level (i.e., within 1-2 gray levels), and enables us to arejyotentially small intensity variations
due to focus. For quantitative validation of our radiontetalibration method, see Appendix A.

To compute relative exitance for a focus settingwe place a diffuse white plane at the in-
focus position and capture one image for each apertyre;:; A. We then apply Eq. (3) to the
luminance values of each pixg{; y) to recoveRy, ( i;f). To obtainR,y ( i;f) for focus settings
that span the entire workspace, we repeat the process ftiplamalues of and use interpolation
to compute the in-between values. Since Eq. (3) assumegpittetintensity is a linear function
of radiance, we linearize the images using the inverse o$émsor response function, which we

3For a70mm diameter aperture, the solid angle subtended by scenesfalatl:2m away can vary up to 10%.
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recover using standard techniques from the high dynamier&terature [9, 19].
Note that in practice, we manipulate the exposure time ipucmion with the aperture setting
, to keep the total amount of light collected roughly const@md prevent unnecessary pixel
saturation. Exposure time can be modeled as an additionkipfimative factor in the image
formation model, Eq. (1), and does not affect the focusirgple®r of the lend. Thus, we can fold
variation in exposure time into the calculationR{, ( ;;f), provided that we vary the exposure
time in the same way for both the calibration and test secegenc

Global lighting correction While the relative exitance need only be computed once fovengi
lens, we have observed that variations in ambient lightmgnsity over short time intervals can
be signi cant (especially for uorescent tubes, due to agié uctuations). This prevents directly
applying the relative exitance computed during calibratma different sequence.

To account for this effect, we model lighting variation asusknown multiplicative factor that
is applied globally to each captured image. To factor outtligg changes, we renormalize the
images so that the total intensity of a small patch at the @r@mnter remains constant over the
image sequence. In practice, we use a patch that is a snalbfraf the image (roughl9:5% of
the image area), so that aperture-dependent effects swagnesting can be ignored, and we take
into account only pixels that are unsaturated for every sstng.

6 High-Resolution Image Alignment

The intensity comparisons needed to evaluate confocataongsare only possible if we can locate
the projection of the same 3D point in multiple images taketh wifferent settings. The main
dif culty is that real lenses map in-focus 3D points onto ihege plane in a non-linear fashion
that cannot be predicted by ordinary perspective projactim enable cross-image comparisons,
we develop an alignment procedure that reverses thesemearities and warps the input images
to make them consistent with a reference image (Fig. 3b).

Since our emphasis is on reconstructing scenes at the maxipagsible spatial resolution,
we aim to model real lenses with enough precision to ensurebs@el alignment accuracy. This
task is especially challenging because at resolutions BIPL@r more, we begin to approach the
optical and mechanical limits of the camera. In this dom#ie,commonly-used thin lens (i.e.,

4A side-effect of manipulating the exposure time is that eaibaracteristics will change with varying intensity
[21], however this phenomenon does not appear to be sigmi iceour experiments.
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Figure 5. (a—e) To evaluate stochastic lens distortions, we compceatroids of dot features
for images of a static calibration pattern. (a—d) Successlivse-ups of a centroid's trajectory for
three cycles (red, green, blue) of the 23 aperture settinga—b) the trajectories are magni ed by
a factor of 100. As shown in (d), the trajectory, while stasti@g correlates with aperture setting.
(e) Trajectory for the centroid of (c) over 50 images with siaene lens settings.
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magni cation) model [8, 35, 13, 12, 3, 14] is insuf cient t@eount for observed distortions.

6.1 Deterministic second-order radial distortion model

To model geometric distortions caused by the lens opticgjseea model with- + 5 parameters
for a lens withF focal settings. The model expresses deviations from anemath reference
focus setting ; as an additive image warp consisting of two terms—a pure i@gion term ms
that is speci c to focus settinfj, and a quadratic distortion term that ampli es the magniioa:

wP(xy)= me+ me(f fo)(ko+ kar + kar?) 1 (xy) (X Ye) (4)

whereko; ky; ky are the quadratic distortion parametefs,; ) is the estimated image center,
andr = k(x;y) (X¢ Yok is the radial displacemeftNote that when the quadratic distortion
parameters are zero, the model reduces to pure magni gatgim the thin lens model.

It is a standard procedure in many methods [51, 27] to modkhkrdistortion using a polyno-
mial of the radial displacement, A difference in our model is that the quadratic distortiemt in
Eq. (4) incorporates a linear dependence on the focusgeimvell, consistent with more detailed
calibration methods involving distortion components tedato distance [17]. In our empirical
tests, we have found that this term is necessary to obtakp@bregistration at high resolutions.

5Since our geometric distortion model is radial, the estaddtnage center has zero displacement over focus
setting, i.e.wP (X¢;ye) = (0;0) forall f .
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6.2 Stochastic rst-order distortion model

We were surprised to nd that signi cant misalignments caccar even when the camera is
controlled remotely without any change in settings and isim@d securely on an optical table
(Fig. 5e). While these motions are clearly stochastic, we alserved a reproducible, aperture-
dependent misalignment of about the same magnitude (Figl)5&n order to achieve sub-pixel
alignment, we approximate these motions by a global 2D kating, estimated independently for
every image:

w? (xy) =ty (5)

We observed these motions with two different Canon lenseswodCanon SLR cameras, with
no signi cant difference using mirror-lockup mode. We hyipesize that this effect is caused by
additive random motion due to camera vibrations, plus m#klens motions that are correlated
with the action of the mechanical aperture.

Note that while the geometric image distortions have a ststity component, the correspon-
dence itself is deterministic: given two images taken at tigtinct camera settings there is a
unique correspondence between their pixels.

6.3 Of ine geometric lens calibration

We recover the complete distortion model of Eqgs. (4-5) innglsi optimization step, using im-
ages of a calibration pattern taken over Rlifocus settings at the narrowest aperture, This
optimization simultaneously estimates the-5 parameters of the deterministic model and2ke
parameters of the stochastic model. To do this, we solve dinear least squares problem that
minimizes the squared reprojection error over a set of featdetected on the calibration pattern:

P P < -
EXerYem;KiT) = (yy ¢ DIWP(XGY)+ W25 (XY) A 6y IS (6)

wherem andk are the vectors of magni cation and quadratic parametespectively.T collects
stochastic translations; and ; (x;y) is the displacement between a feature location at focus
settingf and its location at the reference focus setting,

To avoid being trapped in a local minimum, we initialize th@imization with suitable esti-
mates for(xc;y.) andm, and initialize the other distortion parameters to zero.e$omate the
image cente(X.; Y.), we t lines through each feature track across focus setiamgl then com-
pute their “intersection” as the point minimizing the sumdigtances to these lines. To estimate
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the magni cationan, we use the regression suggested by Willson and Shaferd%gjgregate the
relative expansions observed between pairs of features.

In practice, we use a planar calibration pattern consisting grid of abou25 15 circular
black dots on a white background (Fig. 5). We roughly loealike dots using simple image
processing and then compute their centroids in terms of ma@ge intensity in the neighborhood
of the initial estimates. These centroid features are ateup sub-pixel and can tolerate both
slight defocus and smooth changes in illumination [52]. A@éase robustness to outliers, we run
the optimization for Eq. (6) iteratively, removing featar@hose reprojection error is more than
3.0 times the median.

6.4 Online geometric alignment

While the deterministic warp parameters need only be condpartee for a given lens, we cannot
apply the stochastic translations computed during cdldmdo a different sequence. Thus, when
capturing images of a new scene, we must re-compute thestatians.

In theory, it might be possible to identify key points and qaute the best- t translation. This
would amount to redoing the optimization of Eq. (6) for eagtage independently, with all pa-
rameters excepli xed to the values computed of ine. Unfortunately, featdogalization can be
unstable because different regions of the scene are defdauslifferent images. This makes sub-
pixel feature estimation and alignment problematic atdaapertures (see Fig. 1a, for example).

We deal with this issue by using Lucas-Kanade registratiactompute the residual stochastic
translations in an image-based fashion [8, 4]. To avoidstegfion problems caused by defocus we
(1) perform the alignment only between pairs of “adjacentages (same focus and neighboring
aperture, or vice versa) and (2) take into account only ingegehes with high frequency content.
In particular, to align images taken at aperture settings.; and the same focus setting, we
identify the patch of highest variance in the image takerhatrhaximum aperture,, and the
same focus setting. Since this image produces maximum dutefocused regions, patches with
high frequency content in the images are guaranteed toiodmgh frequencies for any aperture.

7 Confocal Constancy Evaluation

Together, image alignment and relative exitance estimaglitmw us to establish a pixel-wise ge-
ometric and radiometric correspondence across all inpages, i.e., for all aperture and focus
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settings. Given a pixdlx;y), we use this correspondence to assembl@& anF aperture-focus
image describing the pixel's intensity variations as a functedraperture and focus (Fig. 6a):

The Aperture-Focus Image (AFI) of pixel (x;y)

_

Ry (1) (' (xy); )

AFly (;f ) =

wherel'; denotes the images after global lighting correction (®ec§) and geometric image
alignment (Section 6).

AFlIs are a rich source of information about whether or notxalpis in focus at a particular
focus setting . We make this intuition concrete by developing two funcéilsrthat measure how
well a pixel's AFI conforms to the confocal constancy prapextf . Since we analyze the AFI of
each pixelx;y) separately, we drop subscripts and Agé ( ;f ) to denote its AFI.

7.1 Direct Evaluation of Confocal Constancy

Confocal constancy tells us that when a pixel is in focus, etative intensities across aperture
should match the variation predicted by the relative exiaaof the lens. Since Eq. (7) already
corrects for these variations, confocal constancy at atiygsisf' implies constant intensity within
columnf” of the AFI (Fig. 6b,c). Hence, to nd the perfect focus segtiwe can simply nd the
column with minimum variance:

n 0
f = argmfiAn Var AFI(L;f); i AFIL(A ) (8)

To handle color images, we compute this cross-aperturanegifor each RGB channel indepen-
dently and then sum over channels.

The reason why the variance is higher at out-of-focus ggtisthat defocused pixels integrate
regions of the scene surrounding the true surface point 2Big which generally contain “texture”
in the form of varying geometric structure or surface albddence, as with any method that does
not use active illumination, the scene must contain sufitispatial variation for this confocal
constancy metric to be discriminative.
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Figure 6. (a) TheA F measurements for the pixel shown in Fig. lleft: prior to image
alignment.Middle: after image alignmenRight: after accounting for relative exitance (Eqg. (7)).
Note that the AFI's smooth structure is discernible onlyeatioth corrections. (b) Direct evalu-
ation of confocal constancy for three focus hypothefes, 3; 21 and39. (c) Mean color of the
corresponding AFI columns. (d) Boundaries of the equi-bbgions, superimposed over the AFI
(for readability, only a third are shown). (e) Results of AFbael- tting, with constant intensity
in each equi-blur region, from the mean of the correspondagipn in the AFI. Observe that for
f* = 39 the model is in good agreement with the measured AFI ((a)imgst).

7.2 Evaluation by AFI Model-Fitting

A disadvantage of the previous method is that most of the Akgimored when testing a given
focus hypothesig', since only one column of the AFI participates in the caltataof Eq. (8)
(Fig. 6b). In reality, the 3D location of a scene point deteyes both the column of the AFI where
confocal constancy holds as well as the degree of blur thatreén the AFI's remaining, “out-of-
focus” regions. By taking these regions into account, we can create a focestdetwith more
resistance to noise and higher discriminative power.

5While not analyzed in the context of confocal constancy orARg this is a key observation exploited by depth
from defocus approaches [39, 43, 10, 48, 15, 14].
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In order to take into account both in- and out-of-focus ragiof a pixel's AFI, we develop an
idealized, parametric AFI model that generalizes confeoaktancy. This model is controlled by
a single parameter—the focus hypothdSisand is t directly to a pixel's AFIl. The perfect focus
setting is chosen to be the hypothesis that maximizes agmenith the AFI.

Our AFI model is based on two key observations. First, the édfl be decomposed into a set
of F disjointequi-blurregions that are completely determined by the focus hypm'ﬂﬁ\e(Fig. 6d).
Second, under mild assumptions on scene radiance, thesitytevithin each equi-blur region
will be constant wherfi" is the correct hypothesis. These observations suggestéhaan model
the AFI as a set oF constant-intensity regions whose spatial layout is detegthby the focus
hypothesid”. Fitting this model to a pixel's AFI leads to a focus criterithat minimizes intensity
variance in every equi-blur region (Fig. 6e):

X f* : f"o
f = argmfiAn w; Var AFI(;f )j(;f ) 2B, : 9)

i=1

whereBifA is thei-th equi-blur region for hypothesf’s\, andwifA weighs the contribution of region
B{A. In our experiments, we set;-fA = area(BifA). For color images, as in Eq. (8), we compute the
focus criterion for each RGB channel independently and them@ver channels.

To implement Eq. (9) we must compute the equi-blur regiomsafgiven focus hypothesfs.
Suppose that the hypothediss correct, and suppose that the current aperture and fddhe o
lens are andf’, respectively, i.e., a scene pofitis in perfect focus (Fig. 7a). Now consider
“defocusing” the lens by changing its focusftqFig. 7b). We can represent the blur associated
with the pair( ;f ) by a circular disc centered at poiptand parallel to the sensor plane. From
similar triangles, the diameter of this disc is equal to

_jdist(f) dist(f)j .

b dist(f) ’

(10)

where is the focal length of the lens ardist( ) converts focus settings to distances from the
apertur€. Our representation of this function assumes that the faodhses are fronto-parallel
planes [42].

To calibrate the functioulist( ), we used the same calibration pattern as in Section 6, mbume translation
stage parallel to the optical axis. For various stage ostspanning the workspace, we used the camera's autofocus
feature and measured the corresponding focus setting asprgnted ruler mounted on the lens. We related stage
positions to absolute distances using a FaroArm Gold 3Dht@uabe, whose single-point accuracy wa&05mm.
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Figure 7. Quantifying the blur due to an out-of-focus setting. (a) d¢ds settind”, scene point

p is in perfect focus. The aperture's effective diameter camtpressed in terms of its f-stop value
and the focal length. (b) For an out-of-focus settinly, we can use Eq. (10) to compute the

effective blur diamete); . (c) A second aperture-focus combination with the samedameter,

b go= bs . Inour AFl model,( ;f )and( %f9 belong to the same equi-blur region.

Given a focus hypothesfs, Eq. (10) assigns a “blur diameter” to each pdinf ) in the AFI
and induces a set of nested, wedge-shaped curves of equalidésoeter (Figs. 6d and 7). We
guantize the possible blur diameters iftdins associated with the widest-aperture settings, i.e.,

Eq. (10) fully speci es our AFI model, and we have found thlaistmodel matches the ob-
served pixel variations quite well in practice (Fig. 6e)islimportant, however, to note that this
model is approximate. In particular, we have implicitly @s®&d that once relative exitance and
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geometric distortion have been factored out (Sections,3h6)equi-blur regions of the AFI are
well-approximated by the equi-blur regions predicted by thin-lens model [42, 3]. Then, the
intensity at two positions in an equi-blur region will be stemt under the following conditions:

() the largest aperture subtends a small solid angle frbstahe points, (ii) outgoing radiance for
all scene points contributing to a defocused pixel remagmstant within the cone of the largest
aperture, and (iii) depth variations for such scene pointsiot signi cantly affect the defocus

integral. See Appendix B for a formal analysis.

8 Experimental Results

To test our approach we used two setups representing diffgrades of camera equipment. Our
rst setup was designed to test the limits of pixel-levelaastruction accuracy in a high-resolution
setting, by using professional-quality camera with a wagerture lens. In the second setup, we
reproduced our approach with older and low-quality equipimasing one of earliest digital SLR
cameras, with a low-quality zoom lens.

For the rst setup, we used two different digital SLR camethe 16MP Canon EOS-1Ds Mark
Il (“box” dataset), and the 12MP Canon EOS-1Ds (“hair” andi§tic” datasets). For both cameras
we used the same wide-aperture, xed focal length lens (C&k&®mm f1.2L). The lens aperture
was under computer control and its focal setting was adjusi@nually using a printed ruler on the
body of the lens. We operated the cameras at their highedtutes, capturing992 3328pixel
and4604 2704pixel images respectively in RAW 12-bit mode. Each image dasosaiced
using Canon software and linearized using the algorithm]in@ usedA = 13 apertures ranging
from f1.2to f16, and= = 61 focal settings spanning a workspace that Wasn in depth and.:2m
away from the camera. Successive focal settings theretwresponded to a depth difference of
approximately2:8mm. We mounted the camera on an optical table in order to allacipe
ground-truth measurements and to minimize external vdorat

For the second setup, we used a 6MP Canon 10D camera (“tedthsedjawith a low-quality
zoom-lens (Canon EX-85mm f3.5-4.5). Again, we operated the camera in RAW mode at its
highest resolution, which here wa&972 2048 Unique to this setup, we manipulated focal
setting using a computer-controlled stepping motor toedtie lens focusing ring mechanically
[44]. We usedA = 11 apertures ranging from 3.5 to 16, afkd = 41 focal settings spanning
a workspace that wakOm in depth and0:5m away from the camera. Because this lens has a
smaller maximum aperture, the depth resolution was sigmitty lower, and the distance between



20 Hasinoff and Kutulakos

successive focal settings was o8erm at the near end of the workspate.

To enable the construction of aperture-focus images, wecosnputed the relative exitance
of the lens (Section 5) and then performed of ine geometalibcation (Section 6). For the rst
setup, our geometric distortion model was able to align #ibation images with an accuracy of
approximately0:15 pixels, as estimated from centroids of dot features (Fig. Bhe accuracy of
online alignment was abo@4 pixels, i.e., worse than during of ine calibration but wéklow
one pixel. This penalty is expected since we use smalleonsgif the scene for online alignment,
and since we align the image sequence in an incremental ipaifashion, to avoid alignment
problems with severely defocused image regions (see $e6td). Calibration accuracy for the
second setup was similar.

While the computation required by confocal stereo is simpig lanear in the total number of
pixels and focus hypotheses, the size of the datasets makemaize and disk speed the main
computational bottlenecks. In our experiments, imageuradbok an average of two seconds per
frame, demosaicking one minute per frame, and alignmenfutiocer preprocessing about three
minutes per frame. For 828 128 pixel patch, a Matlab implementation of AFI model- tting
took about250seconds usin@3 61images, compared withO seconds for a depth from focus
method that uses 61images.

Quantitative evaluation: “Box” dataset To quantify reconstruction accuracy, we used a tilted
planar scene consisting of a box wrapped in newsprint (Fidef§. The plane of the box was
measured using a FaroArm Gold 3D touch probe, as employeédadtiod 7.2, whose single-point
accuracy was 0:05mm in the camera's workspace. To relate probe coordinatesdalgmates in
the camera's reference frame we used the Camera Calibratmhdbofor Matlab [7] along with
further correspondences between image features and 30icates measured by the probe.

We computed a depth map of the scene for three focus critélif@ct confocal constancy
(Eq. (8)), AFI model- tting (Eq. (9)), and a depth from foc(I3FF) method, applied to the widest-
aperture images, that chooses the focus setting with tirekigariance ind@ 3window centered
at each pixel, summed over RGB color channels. The planaesbiaine scene and its detailed
texture can be thought of as a best-case scenario for suclowibased approaches. The plane's
footprint contained 2.8 million pixels, yielding an equaimber of 3D measurements. As Table 1
shows, all three methods performed quite well, with acaesaof 0.36—0.49% of the object-to-
camera distance. This performance is on par with previoastifative studies [48, 55], although

8For additional results, sebttp://www.cs.toronto.edu/ hasinoff/confocal
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Figure 8. Behavior of focus criteria for a speci ¢ pixel (highlightedwsare) in three test datasets.
The dashed graph is for direct confocal constancy (Eq. $8))d is for AFl model- tting (Eq. (9)),
and the dotted graph is f@& 3 variance (DFF). While all three criteria often have correspng
local minima near the perfect focus setting, AFlI modelngivaries much more smoothly and
exhibits no spurious local minima in these examples. Fontiuglle example, which considers the
same pixel shown in Fig. 1, the global minimum for variancatian incorrect focus setting. This
is because the pixel lies on a strand of hair only 1-2 pixetseewbeyond the resolving power of
variance calculations. The graphs for each focus critearershown with relative scaling.

Table 1: Ground-truth accuracy results. All distances weeasured relative to the ground-truth
plane, and the inlier threshold was setltmm. We also express the RMS error as a percentage
of the mean camera-to-scene distanc&@#5nm.

median abs. inlier RMS % RMS % dist.
dist. (mm) dist. (mm) inliers to camera
3 3spatial variance (DFF) 2.16 3.79 80 0.374
confocal constancy evaluation 3.47 4.99 57 0.487
AFI model- tting 2.14 3.69 91 0.356

few results with real images have been reported in the padegipth from focus literature. Signi -
cantly, AFl model- tting slightly outperforms spatial viance (DFF) in both accuracy and number
of outliers even though its focus computations are perfdrardgirely at the pixel level and, hence,
are of much higher resolution. Qualitatively, this behawscon rmed by considering all three
criteria for speci c pixels (Fig. 8) and for an image patchg$: 9 and 10).
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depth map with
ground-truth plane

low-confidence

pixels filtered out

multi-modal pixels
also filtered out

Figure 9. Visualizing the accuracy of reconstruction and outliered&bn for the “box” dataset.
Top row: For all three focus criteria, we show depth maps f@8@ 200region from the cen-
ter of the box (see Fig. 10). The depth maps are rendered aoBD gouds where intensity
encodes depth, and with the ground-truth plane shown dgeakaa 3D meshMiddle row: We
compute con dence for each pixel as the second derivatitieeaminimum of the focus criterion.
For comparison across different focus criteria, we xed theeshold for AFI model- tting, and
adjusted the thresholds so that the other two criteria répecsame number of outliers. While this
signi cantly helps reject outliers for AFlI model- tting,dr the other criteria, which are typically
multi-modal, this strategy is much less effectii®ottom row: Subsequently Itering out pixels
with multiple modes has little effect on AFI model- tting, vich is nearly always uni-modal, but
removes almost all pixels for the other criteria.

Note that it is also possible to detect outlier pixels whéwe focus criterion is uninformative
(e.g., when the AFl is nearly constant due to lack of textbgedising a con dence measure or by
processing the AFI further. We have experimented with a Eropn dence measure computed as
the second derivative at the minimum of the focus critetigs shown in Fig. 9, ltering out low-

°In practice, since computing second derivatives direcdlly be noisy, we compute the width of the valley that
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Figure 10. Top:Depth map for the “box” dataset using AFI model- ttingdottom: Close-up
depth maps for the highlighted region corresponding to % igomputed using three focus criteria.

con dence pixels for AFl model- tting leads to a sparser tlepnap that suppresses noisy pixels,
but for the other focus criteria, where most pixels have iplgltmodes, such ltering is far less
bene cial. This suggests that AFI model- tting is a more disninative focus criterion, because it
produces fewer modes that are both sharply peaked andéatorr

As a nal experiment with this dataset, we investigated haw Aodel- tting degrades when a
reduced number of apertures is used (i.e., for AFIs ofafzeF with A°< A). Our results suggest
that reducing the apertures to ve or six causes little reidman reconstruction quality (Fig. 11).

“Hair” dataset Our second test scene was a wig with a messy hairstyle, appately 25cm

contains the minimum, at a level 10% above the minimum. FdrrAédel- tting across all datasets, we reject pixels
whose width exceeds 14 focus settings. Small adjustmettisstthreshold do not change the results signi cantly.
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Figure 11. AFI model- tting error and inlier fraction as a function ohé number of aperture
settings (“box” dataset, inlier threshotd1l1mm).

tall, surrounded by several arti cial plants (Figs. 1 andr8¢dle). Reconstruction results for this
scene (Fig. 12) show that our confocal constancy critegd te very detailed depth maps, at the
resolution of individual strands of hair, despite the steoemplex geometry and despite the fact
that depths can vary greatly within small image neighbodso@.g., toward the silhouette of the
hair). By comparison, th8 3 variance operator produces uniformly-lower resolutiosutts,
and generates smooth “halos” around narrow geometrictateglike individual strands of hair.
In many cases, these “halos” are larger than the width of plagiad operator, as blurring causes
distant points to in uence the results.

In low-texture regions, such as the cloth ower petals araVés, tting a model to the entire
AFI allows us to exploit defocused texture from nearby sqamats. Window-based methods like
variance, however, generally yield even better resultadh segions, because they propagate focus
information from nearby texture more directly, by impligiassuming a smooth scene geometry.
Like all focus measures, those based on confocal constaaaynanformative in extremely untex-
tured regions, i.e., when the AFl is constant. However, liygighe proposed con dence measure,
we can detect many of these low-texture pixels (Figs. 12 &)dTo better visualize the result of
ltering out these pixels, we replace them using a simpleargrof PDE-based inpainting [5].

“Plastic” dataset Our third test scene was a rigid, near-planar piece of tiaesyp plastic, for-
merly used as packaging material, which was covered with stiratches, and ngerprints. This
plastic object was placed in front of a dark background arnabliquely to enhance the contrast of
its limited surface texture (Fig. 8, right). Reconstructresults for this scene (Figs. 13-14) illus-
trate that at high resolution, even transparent objects Ima&g enough ne-scale surface texture
to be reconstructed using focus- or defocus-based teabsiidn general, wider baseline methods
like standard stereo cannot exploit such surface textis#ydaecause textured objects behind the
transparent surface may interfere with matching.

Despite the scene's relatively low texture, AFI model+tg still recovers the large-scale pla-
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Figure 12. Center:Depth map for the “hair” dataset using AFI model- ttingop: The AFI-
based depth map resolves several distinctive foregrouadds of hair. We also show the result
of detecting low-con dence pixels from AFI model- tting ahreplacing them using PDE-based
inpainting [5] (see Fig. 16), which suppresses noise buggres ne detail. Direct evaluation of
confocal constancy is also sharp but much noisier, makingtsire dif cult to discern. By con-
trast,3 3variance (DFF) exhibits thick “halo” artifacts and failsdetect most of the foreground
strands (see also Fig. 3ottom right: DFF yields somewhat smoother depths for the low-texture
leaves, but exhibits inaccurate halo artifacts at depttodinuities.Bottom left:Unlike DFF, AFI
model- tting resolves structure amid signi cant depth cisitinuities.
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Figure 13. Center:Depth map for the “plastic” dataset using AFI model- ttingiop: Close-up
depth maps for the highlighted region, computed using tfoees criteria. While3 3 variance
(DFF) yields the smoothest depth map overall for the traresgaurface, there are still a signi cant
number of outliers. Direct evaluation of confocal constameextremely noisy for this dataset, but
AFI model- tting recovers the large-scale smooth geomeBgttom: Similar results for another
highlighted region of the surface, but with relatively manatliers for AFlI model- tting. While
AFI model- tting produces more outliers overall than DFF fbis dataset, many of these outliers
can be detected and replaced using inpainting. Focusiarftarthe three highlighted pixels are
shown in Fig. 14.
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Figure 14. Failure exampled.eft to right: Behavior of the three focus criteria in Fig. 13 for three
highlighted pixels. The dashed graph is for direct confacaistancy (Eq. (8)), solid is for AFI
model- tting (Eqg. (9)), and the dotted graph is f8r 3 variance (DFF). For pixel 1 all minima
coincide. Lack of structure in pixel 2 produces multipledbminima for the AFI model- tting
metric; only DFF provides an accurate depth estimate. Bigld its neighborhood are corrupted
by saturation, so no criterion gives meaningful results ptbesstimates at pixel 2 and 3 would
have been rejected by our con dence criterion.

nar geometry of the scene, albeit with signi cant outlieFsg( 14). By comparison, th8 3
variance operator recovers a depth map with fewer outkdng;h is expected since window-based
approaches are well suited to reconstruction of near-pEremnes. As in the previous dataset, most
of the AFI outliers can be attributed to low-con dence pseaind are readily Itered out (Fig. 16).

“Teddy” dataset Our nal test scene, captured using low-quality camera gapgint, consists of a
teddy bear with coarse fur, seated in front of a hat and skweshaions, with a variety of ropes in
the foreground (Fig. 15). Since little of this scene is cosgzbof the ne pixel-level texture found
in previous scenes, this nal dataset provides an addititasa for low-texture areas.

We had no special dif culty applying our method for this neet, and even with a lower-
guality lens we obtained a similar level of accuracy with mdiometric and geometric calibration
model. As shown in Fig. 15, the results are qualitatively pamble to depth recovery for the low-
texture objects in previous datasets. The large-scale geprof the scene is clearly recovered,
and many of the outliers produced by our pixel-level AFI metteng method can be identi ed
as well.

Online alignment To qualitatively assess the effect of online alignment,chlaccounts for both
stochastic sub-pixel camera motion (Section 6.4) as wédraporal variations in lighting intensity
(Section 5), we compared the depth maps produced using ABeRting (Eq. (9)) with and
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Figure 15. Top right:Sample widest-aperture 3.5 input photo of the “teddy” dataCenter:
Depth map using AFI model- tting.Top left: Close-up depth maps for the highlighted region,
comparing3 3variance (DFF) and AFI model- tting, with and without inpding of the detected
outliers. Like the “plastic” dataset shown in Fig. 13, cert§i are signi cant for low-texture regions.
While window-based DFF leads to generally smoother deptid, Model- tting provides the

ability to distinguish outliersBottom: Similar effects can be seen for the bear's paw, just in front
of low-texture cushion.
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Figure 16. (a)—(b) Improvement of AFI model- tting due to online aligrent, accounting for
stochastic sub-pixel camera motion and temporal variatiofighting intensity. (b) Online align-
ment leads to a reduction in noisy pixels and yields smoatbpth maps for low-textured regions,
but does not resolve signi cantly more detail in our exansplgc) Low-con dence pixels for
the AFI model- tting criterion, highlighted in red, are pis where the second derivative at the
minimum is below the same threshold used for AFI model-dtim Fig. 9. (d) Low con dence
pixels lled using PDE-based inpainting [5]. By comparis@an(b), we see that many outliers have
been Itered, and that the detailed scene geometry has bhesenwed. The close-up depth maps
correspond to regions highlighted in Figs. 12—-13.
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without this alignment step (Fig. 16a,b). Our results shbat bnline alignment leads to noise
reduction for low-texture, dark, or other noisy pixels (edye to color demosaicking), but does not
resolve signi cant additional detail. This also suggebt any further improvements to geometric
calibration might lead to only slight gains.

Four observations can be made from our experiments. Fiesstave validated the ability of
confocal stereo to estimate depths for ne pixel-level getna structures. Second, the radiometric
calibration and image alignment method we use are suf cierdllow us to extract depth maps
with very high resolution cameras and wide-aperture lenBleisd, our method can still be applied
successfully in a low-resolution setting, using low-qtyaéiquipment. Fourth, although the AFl is
uninformative in completely untextured regions, we havewsihthat a simple con dence metric
can help identify such pixels, and that AFI model- tting caxploit defocused texture from nearby
scene points to provide useful depth estimates even inneguith relatively low texture.

9 Discussion and Limitations

The extreme locality of shape computations derived fronrtapefocus images is both a key
advantage and a major limitation of the current approach.|&Vie have shown that processing a
pixel's AFI leads to highly detailed reconstructions, tlusality does not yet provide the means to
handle large untextured regions [11, 45] or to reason ablobgscene geometry and occlusion
[3, 41, 14].

Untextured regions of the scene are clearly problematicesthey lead to near-constant and
uninformative AFIs. The necessary conditions for res@vétene structure, however, are even
more stringent because a fronto-parallel plane coloretl witinear gradient can also produce
constant AFI$® To handle these cases, we are exploring the possibility afyaimng AFIs at
multiple levels of detail and analyzing the AFIs of multigdeels simultaneously. The goal of
this general approach is to enforce geometric smoothndgsaren required by the absence of
structure in the AFIs of individual pixels.

Although not motivated by the optics, it is also possible pplg Markov random eld (MRF)
optimization, e.g., [56], to the output of our per-pixel Bsss, since Egs. (8) and (9) effectively de-
ne “data terms” measuring the level of inconsistency focledepth hypothesis. Such an approach

10This follows from the work of Favaro, et al. [11] who estabbsl that non-zero second-order albedo gradients are
a necessary condition for resolving the structure of a smscene.
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Figure 17. AFI model- tting vs. the thin lens modelLeft: Narrow-aperture image region from
the “hair” dataset, corresponding to Fig. 12, tdpight: For two aperture settings, we show the
cross-focus appearance variation of the highlighted batad segment: (i) for the aligned input
images, (ii) re-synthesized using AFI model- tting, and)(re-synthesized using the thin lens
model. To resynthesize the input images we used the depthscdors predicted by AFI model-
tting. At wide apertures, AFI model- tting much better repduces the input, but at the narrowest
aperture both methods are identical.

would bias the reconstruction toward piecewise-smoothhdealbeit without exploiting the struc-
ture of defocus over spatial neighborhoods. To emphasizaloility to reconstruct pixel-level
depth we have not taken this approach, but have insteadttedtourselves to a greedy per-pixel
analysis.

Since AFI's equi-blur regions are derived from the thin lemsdel, it is interesting to compare
our AFI model's ability to account for the input images, caamgd to the pure thin lens model.
In this respect, the tted AFIs are much better at capturimg gpatial and cross-focus appearance
variations (Fig. 17). Intuitively, our AFI model is less cirained than the thin lens model, be-
cause it depends dn color parameters per pixel (one for each equi-blur regiomstead of just
one. Furthermore, these results suggest that lens defaydepoorly described by simple ana-
lytic point-spread functions as in existing methods, arad thore expressive models based on the
structure of the AFI may be more useful in fully accountingdefocus.

Finally, as a pixel-level method, confocal stereo exhib&tter behavior near occlusion bound-
aries compared to standard defocus-based techniqueggethate integration over spatial win-
dows. Nevertheless, confocal constancy does not hold lgxactpixels that are both near an
occlusion boundary and correspond to the occluded surfacause the assumption of a fully-
visible aperture breaks down. To this end, we are investiganore explicit methods for occlusion
modeling [3, 14], as well as the use of a space-sweep apptoaatcount for these occlusions,
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analogous to voxel-based stereo [28].

10 Concluding Remarks

The key idea of our approach is the introduction of the apeftacus image, which serves as an
important primitive for depth computation at high resadas. We showed how each pixel can be
analyzed in terms of its AFI, and how this analysis led to apétnmethod for estimating depth at
each pixel individually. Our results show that we can core@D shape for very complex scenes,
recovering ne, pixel-level structure at high resolutiofe also demonstrated ground truth results
for a simple scene that compares favorably to previous ndsthaespite the extreme locality of
confocal stereo computations.

Although shape recovery is our primary motivation, we hadse ahown how, by computing an
empirical model of a lens, we can achieve geometric and naglioc image alignment that closely
matches the behavior and capabilities of high-end conslenees and imaging sensors. In this
direction, we are interested in exploiting the typicallynoticed stochastic, sub-pixel distortions
in SLR cameras in order to achieve super-resolution [38)velkas for other applications.
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A Evaluation of relative exitance recovery

To obtain a more quantitative evaluation of how well the treéaexitanceR,, ( ;f ) can be recov-
ered, and to validate that it does not depend on experimenalitions, we ran several additional
experiments.

Experiment 1  To test repeatability across different captures underesoent lighting, we re-
peated 5 trials of the radiometric calibration describe&éction 5 for a diffuse white plane, for
13 aperture settings at a xed focus setting. We used a Can8bram 1.2L lens, as in Section 8.
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For each pixel and aperture setting, we measured the sthddaiation ofR over the 5 trials,
as a fraction of the mean. Over all pixels, the median of trastfon was 0.51% and its RMS
measure is 0.59%. This indicates good repeatability afteecting for lighting uctuations.

Experiment 2 To validate that the rati® measured in radiometric calibration can be applied
to new scenes, we redid the previous calibration for threktiadal scenes, all at the same focus
setting. To create the new scenes, we used the same diffuseaahibration plane, but tilted it
(about 45) to different 3D con gurations, yielding calibration imag with different shading.

For each of the three new scenes, we computed the relatwes dr@tween the measured ratios
R, and the corresponding ratios from the previous calibnafitxperiment 1, trial #1). The aggre-
gate results are as follows:

median mag. relative error RMS relative error
tilted plane #1 0.76% 1.29%
tilted plane #2 0.83% 1.63%
tilted plane #3 0.78% 1.28%

Note that the median magnitude of the relative error cooedp to 1-2 gray levels out of 255.

Experiment 3 We also compared the radiometric calibration from theseeexgents to the
calibration used in Section 8, captured several years éle&od using the same lens.

For each pixel and aperture setting, we computed the rela&tivor between the ratiB as
originally computed, and the corresponding ratio from théiometric calibration in Experiment
1, trial #1. Over all pixels, the median magnitude of the treéaerror was 1.10% and its RMS
measure is 2.21%. This agreement is good, given the factwbatid not use the same focus
setting or calibration target for this experiment.

Experiment 4 As a nal test, we redid the calibration in Experiment 1 usiglifferent lens,
but of the same model, with the calibration target placegppt@imately the same distance.

We again computed relative errors between the recoveried Ritand the corresponding ratios
from the Experiment 1, trial #1. Over the entire image, thelisne magnitude of the relative error
was 0.87% and its RMS measure is 1.78%. This error level is@sdme order as Experiment 2,
suggesting that calibration parameters persist acroseseand that radiometric calibration can be
done just once for eaahodelof lens, provided that manufacturing quality is high.
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Figure 18. Thin lens imaging model for defocus [3, 42]. At an out-ofdiscsetting , a point on
the sensor plangs; y) integrates radiance from a region of the scene as shown. Byasbrat the
perfect focus setting, all irradiance atx; y) would be due to scene poifit We characterize the
level of “blur” using a fronto-parallel circle with diametd; and centered ofy, which approx-
imates the intersection of cor@, ( ;f ) with the scene surface. In our approximate model, the
irradiance integrated gk;y) will remain constant for any other lens settiac? f 9 yielding the
same blur circle diameter.

B Conditions for equi-blur constancy

Section 7.2 described how it is possible to approximate alpiAFI using a set of equi-blur
regions where color and intensity remain constant. Here st@bésh condition<C1-C5 under
which this approximation becomes exact.

Suppose that scene poititis in perfect focus for settinf and projects to pointx;y) on the
sensor plane. Now suppose we defocus the lens to some detfing(Fig. 18). We assume the
following condition:

C1. Lens defocus can be described using the thin-lens modeBI.AqZ,
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Then the image irradiance @t;y) is

2 Z
. _ 5 ‘co L(q(');!) cos (1)
E: (xy) = 72 2G4y () kay(;f )k

dr (11)

where - is the aperture diameter;is the angle between the optical axis and the ray connecting
(x;y) and the lens cente€; z = (1 Wl(f)) ! is the distance from the aperture to the sensor
plane; Gy (;f ) is the cone converging to the in-focus scene ppintvhich lies off the scene
surfaceg(! ) is the intersection of the scene with the ray frprm direction! ; L(q(! );! ) is the
outgoing radiance fromg(! ) in direction! ; and (!) is the angle between the optical axis and the
ray connecting toq(! ).

Our goal is to show théE ¢ (X;y) in Eqg. (11) is constant for all points in an equi-blur region.
Thatis, if( %9 is also in the same equi-blur region@s ), with

_ ~jdist(f)  dist(f); .

b oo = b dist(f) !

(12)

thenE o«o(X;y) = E¢ (X;y). We show this by showing th& ; (x;y) is independent of ;f ),
forall (;f ) inthe same equi-blur region.

To do this, rst we assume the following condition:

C2. From any scene point, the solid angle subtended by the lzagesture
approaches zero, i. &Gy (;f )k! O.

This allow us to simplify Eqg. (11), because itimpliesth&t)! , giving

;- Cood “ L@ ) .

Er (xy) = = o KGR

(13)
Note that the factor outside the integral in Eq. (13) is iretegent of the scene and accounted for
by radiometric calibration (Section 5). Therefore thigfads independent of ;f ) and it suf ces

to show that the integral is independen{ of ) in the equi-blur region.

The integrand in Eq. (13) is simply the contribution to ineatte of a differential patcdq,
centered on poing(! ) and subtending a solid angle d¢f from p. Now consider the following
two conditions:
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C3. The outgoing radiance for any defocused scene point is aonaithin
the cone subtended by the largest aperture Li.6g(' );!' ) = L (q(!)).

C4. For any defocused scene point, the cone subtended by tlesiagertur
does not intersect the scene elsewhere.

D

Note that condition€£3-C4 are the same conditions required by confocal constancyti(e®),
but applied to all points in the defocused region of the sc&he radiance of the differential patch,
namely the factot. (q(! );! ) in Eq. (13), is independent ¢f;f ). Hence it suf ces to show that
the geometric facto% is independent of ; f ) in the same equi-blur region.

From the de nition of solid angle, this factor is given by

d! _dgcos (I)cog (1) dist(f )?

kGy(;f )k~ (Z dist(f))? 5 ‘co$

; (14)

wheredist(f ) is the distance fronp to the apertureZ is the distance frong(! ) to the aperture;
and (!) is the angle between the surface normallgfand the ray connectingy! ) top.
Now assume that the following condition also holds:

C5. Depth variations for points within the defocused regionhef $ceng
approach zero, i.ez ! dist(f).

1%

This condition implies that the deptH,, of the differential patclig can be approximated by the
distance to the scene poift We thus takez = dist(f) and substitute Eq. (12) into Eq. (14),
giving us a simpli ed version of Eq. (13):

2
Er (6Y) = g L(q(1); 1) cos (')cos (1)dq;  (15)
220 qacy (i)
where the blur diametdsy; is what we hold xed, and the only remaining terms that depend
lens setting are (! ) and (! ). But from conditionC2, both (!) and (!) will be constant
over all(;f ). Therefore, the contribution of a differential scene patgho image irradiance is
constant over all lens settings corresponding to the saoralt@meter.

The only remaining issue concerns the domain of integrdtiokg. (15), i.e., the scene surface
intersected byC,, (;f ), which varies in general with lens setting. However, givppraximately
constant depth at the boundary of the blur circle, as imgledonditionC5, this domain will be
constant as well.

In practice, equi-blur constancy can actually tolerataisignt depth variation within the blur
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circle, because such variations will be averaged over thecdsed region of the scene.
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