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Abstract

In this paper, we introduce a local image descriptor, DAISNich is very ef cient to compute
densely. We also present an EM based algorithm to computeddspth and occlusion maps from wide
baseline image pairs using this descriptor. This yields mibetter results in wide baseline situations
than the pixel and correlation based algorithms that arenconty used in narrow baseline stereo. Also,
using a descriptor makes our algorithm robust against maoyometric and geometric transformations.

Our descriptor is inspired from earlier ones such as SIFT @h®H but can be computed much
faster for our purposes. Unlike SURF which can also be coetpaf ciently at every pixel, it does not
introduce artifacts that degrade the matching performavien used densely.

It is important to note that our approach is the rst algomitithat attempts to estimate dense depth
maps fromwide baseline image pairand we show that it is a good one at that with many experiments
for depth estimation accuracy, occlusion detection, andparing it against other descriptors on laser
scanned ground truth scenes. We also tested our approachvamety of indoor and outdoor scenes
with different photometric and geometric transformatians our experiments support our claim to being

robust against these.

Index Terms

Image processing and computer vision, Dense Depthmap &sbim Local Descriptors

. INTRODUCTION

Though dense short-baseline stereo matching is well utwaer$9], [25], its wide baseline counterpart

is, by contrast, much more challenging due to large perggedistortions and increased occluded areas.
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It is nevertheless worth addressing because it can yielte raocurate depth estimates while requiring
fewer images to reconstruct a complete scene. Also, it magpdoessary to compute depth from two
widely separated cameras such as a surveillance apphdatiavhich installing cameras side-by-side is
not feasible.

Large correlation windows are not appropriate for widedhiae matching because they are not robust
to perspective distortions and tend to straddle areas fdrdift depths or partial occlusions. Thus, most
researchers favor simple pixel differencing [6], [16], [2* correlation over very small windows [26].
They then rely on optimization techniques such as graps{d6i or PDE based diffusion operators [27] to
enforce spatial consistency. The drawback of using smagerpatches is that reliable image information
can only be obtained where the image texture is of suf ciardliy. Furthermore, the matching becomes
very sensitive to illumination changes and repetitive grat.

An alternative to performing dense wide-baseline matchingo rst match a few feature points,
triangulate them, and then locally rectify the images. Tdpproach, however, potentially is not without
problems. If some matches are wrong and are not detectedthsgoss reconstruction errors will occur.
Furthermore, image recti cation in the triangles may nosbiécient if the scene within cannot be treated
as locally planar.

We, instead, advocate replacing correlation windows wittael region descriptors, which lets us take
advantage of powerful global optimization schemes such raphgcuts to force spatial consistency.
Existing local region descriptors such as SIFT [19] or GLGH][have been designed for robustness to
perspective and lighting changes and have proved suctéssfparse wide-baseline matching. However,
they are much more computationally demanding than simpleiation. Thus, for dense wide-baseline
matching purposes, local region descriptors have so far loeén used to match a few seed points [33]
or to provide constraints on the reconstruction [27].

We, therefore, introduce a new descriptor that retains dheistness of SIFT and GLOH and can be
computed quickly at every single image pixel. Its shape ésaly related to that of [32], which has been
shown to be optimal for sparse matching but is not designeceffaiency. We use our descriptor for
dense matching and view-based synthesis using sterephaaiing various image transforms or for pairs
with too large a baseline for standard correlation-basetnigues to work, as shown in Figs. 1, 2, 3
and 4. For example, on a standard laptop, it takes less thanchds to perform the computations using
our descriptor over all the pixels of an 80600 image, whereas it takes over 250 seconds using SIFT.
Furthermore, it gives better results than SIFT, SURF, NC@ pirel differencing as will be shown by

comparing the resulting depth maps to laser scanned data.
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Figure 1. Contrast Change.First two images are used as input. We manually increaseddhtast of the rst image and
tried to estimate the depth from t#8 image's point-of-view. We used NCC, SIFT and DAISY and theiconstructions are
displayed in the second row respectively. We also resyizbedshe second image using the depth map of DAISY and the rst
image's intensities and show it at the end of the rst row.

To be speci ¢, SIFT and GLOH owe much of their strength to te aof gradient orientation histograms,
which are relatively robust to distortions. The more recBbiRF descriptor [4] approximates them by
using integral images to compute the histograms bins. Thithad is computationally effective with
respect to computing the descriptor's value at every pixgldoes away with SIFT's spatial weighting
scheme. All gradients contribute equally to their respectins, which results in damaging artifacts
when used for dense computation. The key insight of this pap¢hat computational ef ciency can
be achieved without performance loss by convolving origmtamaps to compute the bin values using
Gaussian kernels. This lets us match relatively large eatek 31 31 — at an acceptable computational
cost and improve robustness in un-occluded areas overitpa®mthat use smaller patches. Using large
areas requires to handle occlusion boundaries propenigthand we address this issue by using different
masks at each location and select the best one by using andehvork. This is inspired by the earlier
works of [13], [14], [15] where multiple or adaptive correétm windows are used.

After discussing related work in Section Il, we introducer oew local descriptor and present an
ef cient way to compute it in Section Ill. In Section IV we dgt our EM based occlusion handling

framework. Finally, in Section V, we present results and pare our descriptor to SIFT, SURF, NCC
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and pixel differencing.

Il. RELATED WORK

Even though multi-view 3—-D surface reconstruction has heesstigated for many decades [9], [25],
it is still far from being completely solved due to many sasof errors such as perspective distortion,
occlusions, and textureless areas. Most state-of-theaathods rely on rst using local measures to
estimate the similarity of pixels across images and thennoposing global shape constraints using
dynamic programming [3], level sets [11], space carving,[§faph-cuts [16], [24], [8], PDE [1], [27],
or EM [26]. In this paper, we do not focus on the method usedniooise the global constraints and use
a standard one [8]. Instead, we concentrate on the singilar@asure all these algorithms rely on.

In a short baseline setup, reconstructed surfaces areadgtamnmed near fronto-parallel, so the similarity
between pixels can be measured by cross-correlating souiagows. This is less prone to errors
compared to pixel differencing and allows normalizatioraiagt illumination changes.

In a wide-baseline setup, however, large correlation wivelare especially affected by perspective
distortions and occlusions. Thus, wide-baseline metha{flg16], [26], [27] tend to rely on very small
correlation windows or revert to point-wise similarity nse@es, which loose the discriminative power
larger windows could provide. This loss can be compensatediding multiple [2], [27] or high-
resolution [27] images. The latter is particularly effeetibecause areas that appear uniform at a small
scale are often quite textured when imaged at a larger oneettr, even then, lighting changes remain
dif cult to handle. For example, [27] shows results either fvide baseline without light changes, or
with light changes but under a shorter baseline.

As we shall see, our feature descriptor reduces the needidberesolution images and achieve
comparable results using fewer number of images. It doesysmbsidering large image patches while
remaining stable under perspective distortions. Earlgr@aches to this problem relied on warping the
correlation windows [10]. However the warps were estimdtech a rst reconstruction obtained using
classical windows, which is usually not practical in wideseline situations. By contrast, our method
does not require an initial reconstruction. Additionaltya recent publication [32], a descriptor, which is
very similar to ours in shape, has been shown to outperformyratate-of-the-art feature descriptors for
sparse point matching. However, unlike this descriptors ésidesigned for fast and ef cient computation
at every pixel in the image.

Local image descriptors have already been used in denséimgttchough in a more traditional way,

to match only sparse pixels that are feature points [31]. [19[27], [33], these matched points are used
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Figure 2. Scale ChangeWe used the rst 2 images of the upper row for computing thetllepap from the2™ image's
point of view. The depth maps are computed using NCC, SIFTR2RIEY and they're displayed in the lower row in that order.
The last image in the rst row shows the resynthesized imagiaguthe DAISY's depth estimate. Although scale change is no
explicitly addressed in any way and we used the same paresifetehe descriptors of two images, we obtain a very actépta

depth map.

as anchors for computing the full reconstruction. [33] @ggates the disparities of the matched feature

points to their neighbors, while [27] uses them to initialian iterative estimation of the depth maps.
To summarize, local descriptors have already proved theithwfor dense wide baseline matching, but

only in a limited way. This is due in part to their high compiidaal cost and in past their sensitivity to

occlusions. The technique we propose addresses both .issues

I[Il. OUR LOCAL DESCRIPTOR

In this section, we brie y describe SIFT [19] and GLOH [21]dathen introduce our DAISY descriptor.
We discuss both its relationship with them and its greatica¥eness for dense computations.

The SIFT and GLOH descriptors involve 3—-D histograms in Whigo dimensions correspond to image
spatial dimensions and the additional dimension to the enggdient direction. They are computed over
local regions, usually centered on feature points but somestalso densely sampled for object recognition
tasks [12], [18]. Each pixel belonging to the local regiomtibutes to the histogram depending on its
location in the local region, and on the orientation and tbenmof the image gradient at its location.

As depicted by Fig. 5-a, when an image gradient vector coetpat a pixel location is integrated to
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Figure 3. Image Quality. We used the rst 2 images of the upper row, which are obtaingdhtwebcam, for computing
the depth map from the"™ image's point of view. The depth maps are computed using N&IET and DAISY and they are
displayed in the lower row in that order. The last image in teerow shows the resynthesized image using the DAISY'sttep

estimate. Despite the somewhat blurry, low-quality natfréhe images, we can still compute a good depth map.

the 3-D histogram, its contribution is spread oRer 2 2 = 8 bins to avoid boundary effects. More
precisely, each bin is incremented by the value of the gradierm multiplied by a weight inversely
related to the distances (i.e. as the distance increaséghtwiecreases) between the pixel location and
the bin boundaries, and also to the distance between thélpoation and the one of the keypoint. As
a result, each bin contains a weighted sum of the norms ofntlagé gradients around its center, where
the weights roughly depend on the distance to the bin center.

In this work, our goal is to reformulate these descriptordrsd they can be ef ciently computed at
every pixel location. Intuitively, this means computinge thistograms only once per region and reusing
them for all neighbouring pixels.

To this end, we replace the weighted sums of gradient normsadoyolutions of the gradients in
speci ¢ directions with several Gaussian lters. We willes¢hat this gives the same kind of invariance
as the SIFT and GLOH histogram building, but is much fasterdiense-matching purposes and allows
the computation of the descriptors in all directions wititldi overhead.

Even though SIFT, GLOH and DAISY involve different weighgiachemes for the orientation gradients,

the computed histograms can be expected to be very similahvgives a new insight on what makes
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Figure 4. Rotation around a point. We used the rst 2 images of the upper row for computing theti@pap from the3'
image's point of view. The depth maps are computed using N&@, DAISY and they're displayed in the lower row in that

order. The last image in the second row shows the resyn#tesimage using the DAISY's depth estimate.

SIFT work: convolving with a kernel simultaneously damp#resnoise and gives a measure of invariance
to translation. This is also better than integral image-ldomputations of histograms [22] in which all
gradient vectors have the same contribution. We can vergiaitly reduce the in uence of gradient
norms from distant locations.

Fig. 6 depicts the resulting descriptor. Note that its shasembles that of a descriptor [32] that has
been shown to outperform many state-of-the-art ones. Hexvewmlike that descriptor, DAISY is also
designed for effective dense computation. The paramdiatscontrol its shape are listed in Table I. We
will discuss in Section V how they should be chosen.

There is a strong connection between DAISY and geometric @l In this work, the authors
recommended using smaller blur kernels near the centeraagdrlaway from it and reported successful
results using oriented edge Iter responses. DAISY folldivs recommendation by using larger Gaussian

kernels in its outer rings but replaces the edge Iters bymaérconvolutions for the sake of ef ciency.

A. The DAISY Descriptor

We now give a more formal de nition of oubDAISY descriptor. For a given input image, we rst

computeH number oforientation mapsGj;1 i H, one for each quantized direction, where
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Figure 5. Relationship between SIFT and DAISY.(a) SIFT is a 3-D histogram computed over a local area whesle pixel
location contributes to bins depending on its location dreddrientation of its image gradient, the importance of tribution
being proportional to the norm of the gradient. Each gradiector is spread ove2 2 2 bins to avoid boundary effects,
and its contribution to each bin is weighted by the distartoetsveen the pixel location and the bin boundaries. (b) DAISY
computes similar values but in a dense way. Each gradienbvatso contributes to several of the elements of the detiani
vector, but the sum of the weighted contributions is comghuig convolution for better computation times. We rst congpu
orientation maps from the original images, which are themolved to obtain the convolved orientation maps'. The values

of theG,' correspond to the values in the SIFT bins, and will be usediiid IDAISY. By chaining the convolutions, thé '

can be obtained very ef ciently.

Go(u;v) equals the image gradient norm at locat{env) for directiono if it is bigger than zero, else
it is equal to zero. This preserves the polarity of the intgnshanges. Formally, orientation maps are
written asG, = %g* wherel is the input imageo is the orientation of the derivative, arfg™ is the
operator such thafa)* = max(a;0).

Each orientation map is then convolved several times withsSian kernels 9f different values to
obtainconvolved orientation magpfor different sized regions &, = G %o with G a Gaussian
kernel. Different 's are used to control the size of the region.

Our primary motivation here is to reduce the computatioegjuirements and convolutions can be
implemented very ef ciently especially when using Gaussitgers, which are separable. Moreover, we
can compute the orientation maps for different sizes at lost because convolutions with a large Gaussian
kernel can be obtained from several consecutive convalsitisith smaller kernels. More speci cally,

givenG,*, we can ef ciently computes ,2 with > ; as
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direction-j

Figure 6. The DAISY descriptor. Each circle represents a region where the radius is piiopaitto the standard deviations of
the Gaussian kernels and the '+' sign represents the lotatichere we sample the convolved orientation maps centag lzei
pixel location where we compute the descriptor. By overiagphe regions we achieve smooth transitions between tiense
and a degree of rotational robustness. The radii of the geions are increased to have an equal sampling of the aogdti

axis which is necessary for robustness against rotation.

Parameter Name Symbol | Description and Default Value
Radius R Distance from the center pixel to the outer most grid poih§) (
Radius Quantization No Q Number of convolved orientations layers with differers. (3)
Angular Quantization No| T Number of histograms at a single laye) (
Histogram Quantization No H Number of bins in the histogram8)
Grid Point No. S Number of histograms used in the descripto@= T +1.
Descriptor Size| Ds The total size of the descriptor vectorSs H
Table |
DAISY PARAMETERS
+ +
G,2=G, @ =G G, @ =G Gyt
@o @o
with = © ~ 22 This computational ow, the incremental computation of ttonvolved orientation
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mapsfrom an input image, is summarized in Fig. 5-b.

To make the link with SIFT and GLOH, note that each pixel lamabf the convolved orientation maps
contains a value very similar to the value of a bin in SIFT or@¥L that is a weighted sum of gradient
norms computed over a small neighbourhood. We use a Gaussinal whereas SIFT and GLOH rely
on a triangular shaped kernel. It can also be linked to temsting in [20] by thinking of each location
in our orientation maps as a voting component and of our ggdian kernel as the voting weights.

As depicted by Fig. 6, at each pixel location, DAISY consistsa vector made of values from the
convolved orientation maps located on concentric circiagered on the location, and where the amount
of Gaussian smoothing is proportional to the radii of theles. As can be seen from the gure, this
gives the descriptor the appearance of a ower, hence itsenam

Let h (u;v) represent the vector made of the values at locatigr) in the orientation maps after

convolution by a Gaussian kernel of standard deviation
h (uv) = Gl(u;v);:::;GH(u;v)> ; (1)

whereG,, G,, andG denote the -convolved orientation maps in different directions. Wemalize
these vectors to unit norm, and denote the normalized \&@bid® (u;v). The normalization is performed
in each histogram independently to be able to representixiedsmear occlusions as correct as possible.
If we were to normalize the descriptor as a whole, then thergesrs of the same point that is close to
an occlusion would be very different when imaged from déferviewpoints.

Problems might arise in homogeneous regions since we nizemahch histogram independently.
However, consider that we are designing this descriptoafstereo application. In a worst case scenario,
DAISY will not perform any worse than a standard region bagedric like NCC. However, this will
not happen as often because we use a relatively large deschpirthermore, the global optimization
algorithm discussed in Section IV will often x the resulgrerrors. If one truly wants the robustness
of large regions, one solution to this might be computingarnmalized descriptors and normalizing the
visible parts of the descriptor globally before dissinitlarcomputation. This, however, will increase
the computation time of the matching stage with two addélonormalization operations for each
possible depth per pixel. For applications other than stere normalization should probably be changed
depending on the speci cs of the application, but this isdyel/the scope of this paper.

If Q represents the number of different circular layers, thenfthl DAISY descriptorD (ug; vo) for

location (ug; Vo) is de ned as the concatenation Bfvectors :
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Image Size| DAISY | SIFT

800x600 3.8 252
1024x768 6.5 432
1280x960 9.8 651

Table Il
COMPUTATION TIME IN SECONDS ON ANIBM T60 LAPTOP

D (uo; Vo) =
R~ (Uo; Vo);
B~ (I(uo;vo;R1)); 5 B” (It (uo; vo; R1));
B~ (I.(uo;vo; R2)); 1 B” (I (Uo; vo; R2));
s
B, (Ili(uo;vo;RQ)); B>, (IT(uosvo;RQ)) 5
where | (u; v;R) is the location with distanc® from (u;v) in the direction given byj when the
directions are quantized into the values of Table I.

We use a circular grid instead of SIFT's regular one since# heen shown to have better localization
properties [21]. In that sense, our descriptor is closerlt®B without PCA than to SIFT. Combining an
isotropic Gaussian kernel with a circular grid also makes descriptor naturally resistant to rotational
perturbations. The overlapping regions ensure a smoottdnging descriptor along the rotation axis and
by increasing the overlap we can make it more robust up to dtirt pvhere the descriptor starts losing
its discriminative power.

As mentioned earlier, one important advantage of the aradésign and using isotropic kernels is that
when we want to compute the descriptor in a different origona there is no need to re-compute the
convolved orientation maps; they are still valid and we cacompute the descriptor by simply rotating
the sampling grid. The histograms will then also need to biteshcircularly to account for the change
in relative gradient orientations but this only represenigery small overhead.

We mentioned earlier that the variance of the Gaussian leimehosen to be proportional to the size
of the regions in the descriptor. Speci cally, they are take be
R(i+1)

i:T, (2)
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wherei represents th&" layer in the circular grid (see Fig. 6). Histogram locati@e expressed in

polar coordinates as

_ 2 .
=T

B. Computational Complexity

The ef ciency of DAISY comes from the fact that most compidas are separable convolutions and
that we avoid computing more than once the histograms commaearby descriptors. In this section
we give a formal complexity analysis of both DAISY and SIFTdathen, compare them.

IlI-B.1 Computing DAISYRecall from Table | that DAISY is parameterized with its naslR, number
of rings Q, number of histograms in a ring, and the number of bins in each histogr&m Assuming
that the image haB pixels, we begin by computing the orientation layers. Ircpce, we do not compute
gradient norms for each direction separately since theybeatomputed from the horizontal and vertical
ones as

@ @

G = cos @X+sin @y : 3)

Therefore, for horizontal and vertical gradients, we penfdwo 1D convolutions with kernelfl; 1]
and[l; 1]" respectively requirin@P additions to calculate in both directions. Orientationelesyare,
then, computed from these according to Equation 3 @Rhmultiplications andP additions for each
layer. Then for each radius quantization lev@|,we performH convolutions. This is done again as two
successivdD convolutions instead of a sing@D one thanks to the separability of Gaussian kernels.

Given those gradients, we sample the convolved orientdgéipars atQ T + 1 locations for every
pixel. For orientations other than 0, an additional shiftwperation is required to account for it.

Sampling can be performed by either interpolation or by ding point locations to the nearest integer.
We found that using either method returns roughly equivatesults. Nevertheless, we include both
options in the source code we supply [30].

To summarize, computing all the descriptors of an imageiregH Q + 1 1D convolutions,

P (Q T+1) samplings2P H multiplications and® H additions.

[lI-B.2 Computing SIFT:To compute a SIFT descriptor, the image gradient magnitaahes orien-

tations are sampled around the point location at an ap@@pscale. Because of the non-circularly

symmetric support region and the kernel employed in SIF&, ghmpling has to be done at all the
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sample locations within the descriptor region. Let us, ¢fae, consider the computation of a single
descriptor at a single scale where the descriptor is cordpmter aWs sample array witlSs histograms
of Hs bins.

As DAISY, SIFT requires image gradients that are computetiénsame way and then sampled within
the descriptor region a¥Vs locations. The gradients are then Gaussian smoothed atahtams are
formed using trilinear interpolation, that is, each bin isltiplied by a weight ofl d whered is
the distance of the sample from the central value of the blre $moothing and interpolation takes
4W;s multiplications. Finally, each sample is assigned to a bad accumulated which requiré&/s

multiplications andSs (%) = 2Ws summations.

To summarize, the computation of one SIFT descriptor regWs samplings,5Ws multiplications,
and 2Wg summations plus the initial convolution required for geadi computation.

I1I-B.3 Comparing DAISY and SIFTEFor comparison purposes, assume that convolvingldl &ernel
of lengthN can be done wittN multiplications andN 1 summations per pixel. Then, DAISY requires
2H Q N +2 multiplications,2H Q N 1 summations an& samplings per pixel.

If we insert the parameteM/s =16 16, Ss =4 4 andHg =8 for SIFT as reported in [19] and
the parameters we used in this paper for DAISIY= 8, Q = 3, andS = 25 with an averagd\ =5,
we see that SIFT requires 1280 multiplications, 512 sunonatiand 256 samplings per pixel whereas
DAISY requires 122 multiplications, 119 summations and aglings.

Note that, computing the descriptor in a different origotatalso requires an additional shifting
operation in DAISY withS H shifts per pixel whereas this is handled in SIFT during thedang
phase of the gradients witWg additions.

In any event, a direct comparison of these numbers might lbeewtat misleading as one can
approximate some of the operations in SIFT in a dense impi&tien to increase computational
ef ciency. One might also consider a more ef cient implentation of the convolution operation using
FFT, which would boost DAISY's performance. The most impottspeed-up difference, however, is due
to two facts. Firstly, DAISY descriptors share histograrogisat once a histogram is computed for one
pixel, it is not computed again for tHE other descriptors surrounding this histogram locatiortoBdly,
the computation pipeline enables a very ef cient memoryegscpattern and the early separation of the
histogram layers greatly improves ef ciency. This alsaalt DAISY to be parallelized very easily and
our current implementation [30], allows the use of multiptees using th©penMP™ library. In Fig. 7
we show the time required to compute DAISY descriptors wighying number of cores on different

image sizes. Computation time falls almost linearly wite ttumber of the cores used. The algorithm is
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Figure 7. DAISY Computation Times. Computation times of the DAISY descriptor for all the pixefsan image with various
settings on 3 different sized images. We present the chahtfee@omputation time with respect to the number of coresluse

in parallel.

also quite suitable for GPU programming which we will pursoduture.

In terms of memory, the precomputed convolved orientatayeis requiredQ H P bits and if
we also want to precompute all the descriptors of an imagde vilil require 4Ds P bits. In example,
for an image of sizel024 1024 these equal t®6MB 's and 80OMB 's respectively for the standard
parameter set R =15, Q=3, T =8 andH =8.

IV. DEPTHMAP ESTIMATION

To perform dense matching, we use DAISY to measure siméardcross images as shown by Fig. 8.
We then feed these measures to a standard graph-cut-basetbtraction algorithm [8]. To properly
handle occlusions, we incorporate an occlusion map, wtidhe counterpart of the visibility maps in
other reconstruction algorithms [16]. We do this by introithgy an occlusion node with a constant cost
in the graph structure. The value of this cost has a signitéaapact on the proportion of pixels that are
labeled as occluded. As will be discussed in Section V, weougeimage data set to set it to a reasonable
value and retain this value for all other experiments shawthis paper. The depth and occlusion maps
are estimated by Expectation Maximization (EM), which wenfalize below.

We compute the descriptor of every point from its neighboorh However, for pixels that are close
to an occluding boundary, part of the neighbourhoods, themart of the descriptors, will be different
when captured from different viewpoints. To handle this,axeloit the occlusion map and de ri@nary
masksover our descriptors. We introduce prede ned masks thabreefthe spatial coherence of the
occlusion map, and show that they allow for proper handlihgazlusions.

In practice, we assume that we are given at léashlibrated gray-scale images and we compute

the dense depth map of the scene with respect to a particidapeint which can either be equal to
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\

Figure 8. Problem De nition. The inverse depth is discretized uniformly and the matchsogre is computed using

neighbourhoods centered around the projected locationssel neighbourhoods are rotated to conform to the orientaf

the epipolar lines.

one of the input view points or it can be a completely différeintual position. We use the calibration
information to discretize the 3—D space and compute ddscsiphat take into account the orientation of
the epipolar lines, as shown in Fig. 8. In this way, we do nquie a rotationally invariant descriptor
and take advantage of the fact that DAISY descriptor is vagyeo rotate, as described in the previous

section.

A. Formalization
Given a set ofN calibrated images of the scene, we denote their descripipi31.n . We estimate
the dense depth map for a given viewpoint by maximizing:

P(Z;0jD1un) /! p(Din jZ;0)p(Z;0) (4)

where we also introduced an occlusion map t€rthat will be exploited below to estimate the similarities
between image locations. As in [8], we enforce piecewiseathmess on the depth map as well as our
occlusion map by penalizing nearby different labels ushng Potts model, i.eV = (g 6 ¢) with g

andg are labels of nearby pixels.
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Figure 9. Binary masks for occlusion handling.We use binary masks over the descriptors to estimate locatmilarities
even near occlusion boundaries. In this gure, a black digh & white circumference corresponds to “on” and a whitéx dits
“off”. (a) We use the occlusion map to de ne the masks; andbpfrede ned masks make it easy to enforce spatial coherence

and to speed-up the convergence of EM estimation.

For the data driven posterior, we also assume independertaeén pixel locations:

Y
p(DinjZ;0)=  p Dun(x) Z;0 (5)

Each termp(D1n(X) j Z;0) of Eg. 5 is estimated using our descriptor. Because the igésicr
considers relatively large regions, we introduce binarysksacomputed from the occlusion map,

as explained in the next section, to avoid including ocatudarts into our similarity score.

B. Using Masks over the Descriptor

Given the descriptors, we can take théD 1.5 (X) j Z;O) probability to be inversely related to the
dissimilarity function

xS
D° D)D) =g DM b ©

k=1
whereD;(X) and Dj(X) are the descriptors at locations obtained by projecting3b point X (

de ned by locationx and its depthZ(x) in the virtual view ) onto imageé andj, Di[k](x) is the ki

histogramR in D;(x) andS is the number of histograms used in the descriptor.
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However, as discussed above, we should account for ocokusidne descriptor is computed over image
patches and the formulation of Eq. 6 is not robust to partalwsions. Even for a good match, if the
pixel is close to an occlusion boundary, the histograms efatcluded parts have no reason to resemble
each other.

We, therefore, introduce binary masid ., (x)g such as the ones depicted in Fig. 9, which allow
DAISY to take into account only the visible parts when conipgitthe distances between descriptors.
The mask length is equal to the number of histograms usedeidiscriptor, thes of Table I. We use
these masks to rewrite tHa° of Eq. 6 as

D= P " M M D) i (7)
g=1 k=1
whereM 1 js thek™ element of the binary maskl . Following [8], we de ne thep (D 1. (X) j Z;O)
term of Eq. 5 as a Laplacian distributidrap(D (D 1.y (X) j Z;0);0; m) with our occlusion handling
dissimilarity function.

To select the most likely mask at each pixel location, we @lyan EM algorithm and tried three
different strategies:

The simplest one depicted by Fig. 9-a involves disablinghisegrams that are marked as occluded
in the current estimate of the occlusion m@pand obtaining a single binary mask , (x).

A more sophisticated one is to use the prede ned masks a=play Figure 9-b which have a high
special coherence. The probability of each mask is compstiett that the masks that have large

visible areas with similar depth values are favored. Weenwrit

. 1 1
P(M m(X)jZ;0)= = Vp +

v @ ©

wherevy, is the average visible pixel number;, (Z) is the depth variance within the mask region,
andY is the normalization term that is equal to the sum of all masibabilities.

Then, we take the data posterior to be the weighted sum ofithdil mask responses as

P(D 1w ()Z:0) = 1y P(D1n (X)IZi OiM m(X)) P(M m(X)jZ;O) - (©)

The third strategy is a simpli ed version of the second onbgeve we only use the result of the
most probable mask instead of a mixture.

In the rst and third strategy, we use only one mask. By castiréhe second strategy involves a

mixture computed from several masks. Note that, the madhgimitities are re-estimated at each step of
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Figure 10. Parameter sweep test for narrow and wide baseline casesAs described by Table I, there are 4 parameters
that specify the shape and size of DAISY: radRis(radius quantizatioq), angular quantizatiofi(), and number of bins

of the histogram Kl ). The above gures depict the results of a 4D sweep of thesanpeters and the color of each square
represents the percentage of depths that are correctiyasti. The value associated to a color is given by the colalesc
on the right. To assess the correctness of an estimated, deptlused laser scanned depth maps and assumed an estimate
as correct if the estimate error is withit?o of the scene's depth rangéeft: The averaged result for 5 narrow baseline
image pairs of the Fountain sequence of Fig. 11. The greetangle denotes the best parameter set for this con guration
which isR =5;Q =3;T =4;H =8, resulting in a descriptor of siz€04 with a 81:2% correct depth estimates. However,
upon closer inspection, we see that many other con guratipmoduce similar results80* %). Among these, the con guration
R=5;Q=2;T =4;H =4 produces the shortest descriptor length36f It is denoted by the black rectanglRight: The
averaged result for 3 wide baseline image pairs of the Foustguence. The best result, again denoted by a green gkxtan
73% correct depth estimate is achieved wih= 10;Q = 3;T = 8;H = 8 which yields a200 length descriptor. However,
as in the narrow baseline case, there are many other conigasathat produce a very similar performanc&l’(%) with
shorter descriptor sizes. The shortest one (black reapigR = 10;Q =3;T =4;H =4 with 52 length. Having multiple
con gurations that result in similarly high performanceosls that we don't really need to change our descriptor pareisie
depending on the baseline to improve performance, but weltange to meet speed or memory requirements. The con garati

we used R =15;Q =3;T =8;H =8) in all the other experiments presented in this paper isradlin blue.

the EM algorithm. In our experiments, the second and thirdtesgies always performed better than the
rst, mainly because they enforce spatial smoothness. Boersd strategy, however, is computationally
more expensive than the third without any perceptible imeneent in performance. Therefore, we use
only the third strategy in the remainder of the paper. We galyerun our EM algorithm for only 2-3

iterations, which results in better occlusion estimatesiad occlusion boundaries.
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V. EXPERIMENTS AND RESULTS

In this section, we present various experiments we perfdrimerder to measure the performance of
DAISY. In Section V-A, we present results of a parameter gweeeriment we performed to understand
and optimize the DAISY parameters with respect to the baseWe, then, compare DAISY against other
descriptors for depth estimation purposes. In Section W€ pushed the baseline to very large values to
explore the range within which DAISY vyields acceptable tegptcuracy and the quality of our occlusion
estimates. Then nally in Section V-D, we test our approachimage pairs with various photometric
and geometric transformations and show that it is robughése and compared our reconstructions with

that of a state-of-the-arulti-view algorithm [26].

A. Parameter Selection

To understand the in uence of the DAISY parameters of Tablevé performed 2 parameter sweep
experiments, one in the narrow baseline case and the otlbe iwide baseline case. We used the data
set depicted by Fig. 11, which includes laser scanned groutid depth and occlusion maps as discussed
in [28], [29]. For the narrow baseline case, we used the inpagiesff 1; 2g; f 2; 3g; f 3; 4g; f 4; 5g; f 5; 6gg.

For the wide baseline, we usédl; 4g; f 2; 5g; f 3; 6gg. This guarantees similar baselines within each one
of the two groups.

Fig. 10 depicts the results. Correct depth estimate805®6 can be achieved using a less complex
descriptor for short baseline. However, as the baselinee@ses, Fig. 10 suggests that, it becomes
necessary to use a more complex descriptor at the expenserfased computation and matching
time.

Most of the time devoted to descriptor computation is spentonvolutions. It can be reduced by
using a smaller number of bins in the histograth) (or by using a smaller number of laye@)( We can
useH =4 with a little performance loss but the layer numlégrshould be chosen carefully depending
on the baseline. It appears that 2 or 3 layers give similgpaeses. As far a3, the discretization of
the angular space, is concerned, 4 or 8 levels perform signilar both narrow and wide baseline cases.
However, when increasing the baseline, the radRushould also be increased, but only up to a point.
Going beyond this point causes a loss of discriminative pamel a performance drop, especially in the
wide baseline case.

One might argue that there is no need to use more than 4 bihg inistograms as one could generate
the in-between responses of a gradient from the horizonthlvertical directions only. However, this is

not the case when summing over a group of pixels, becausegagrg the low resolution responses will
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Figure 11. Comparing different descriptors: Fountain Sequence [28] Fst row. In our tests, we match the left-most image
against each one of the other vBecond row.The laser-scan depth-map we use as a reference and ve degph-computed
from the rst and third images. From left to right, we used 3, SIFT, SURF, NCC and Pixel Differenc&hird row. The
leftmost plot shows the corresponding distributions ofiaéons from the laser-scan data, expressed as a fractitreaicene's
depth-range. The other plots summarize these distritaitfionthe ve stereo pairs of increasing baseline with disererror
thresholds set to b&% and 5% of the scene's depth range, respectively. Each data pgimesents a pair where the baseline
increases gradually from left to right and individual cusveorrespond to DAISY with masks, DAISY without masks, SIFT,

SURF, NCC, and Pixel Difference. In all cases DAISY doesdrétian the others and using masks further improves thetsesul

lose the gradient distribution information of individuakels and computing a higher resolution version
of the histogram from the low resolution one will not be eqtalsumming individual high resolution
responses. This is why increasing the histogram resolutiakes the descriptor more distinctive at the
cost of some computational overhead.

Although descriptor parameters could be adapted deperainthe baseline, scene complexity and
texturedness, it is dif cult to automate this process. Thepose of this experiment was to see whether
there exists a set of parameters that clearly outperforrarqiarameter sets. However, the experimental
results suggest that the descriptor is relatively inseesib parameter choice for an extended range for
both narrow and wide baseline image pairs: different patamsets produce similar results. Looking
at this experiment, we can conclude about 3 of the 4 paramefethe descriptor, namely the radius
guantization Q), angular quantizationl() and histogram quantizatioil(). However, the effect of the size

of the descriptor radiusR) is not so clear since a relatively textured scene is useddrexperiment and
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Figure 12. Comparing different descriptors: HerzJesu Sequence [28].As in the Fountain sequence of Fig. 11, we use
different descriptors to match the left-most images wittheane of the other images. We compute the depth map in theeneie
frame of theseSecond row Ground truth depth maps with overlaid occlusion magamaining rows: Depth maps computed
using DAISY, SIFT, SURF, NCC and Pixel differencing in thater.

we believe the effect of R will be more apparent for less teedwscenes. Although we do not have a data
set with a ground truth depth map of such a scene and therefareot accurately quantify this effect,
we have observed that using a larger R is bene cial for legtuted scenes from other data sets used
in this paper. Hence, in practice, we use the most generanpeter seR =15;Q=3;T =8;H =8

for all the experiments presented in this paper. Admittettiiig produces a longer descriptor than strictly
necessary but it performs well for both narrow and wide bassl However, depending on the application
DAISY is used for, the parameters can be set accordinglyekample, if it is known that input images

have a short baseline and scene is more or less textRred10;Q = 3;T =4;H =4 will produce
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Figure 13. Quantitative comparison results for Fig. 12.The leftmost plot shows the corresponding distributions of deviations
from the laser-scan data, expressed as a fraction of the'sagepth-range. Thether plots summarize these distributions for
the ve stereo pairs of increasing baseline with discretemrethresholds set to b&% and 5% of the scene's depth range,
respectively. Each data point represents a pair where tbeliba increases gradually from left to right and individoarves
correspond to DAISY with masks, DAISY without masks, SIFTURF, NCC, and Pixel Difference. In all cases DAISY does
better than the others and using masks further improvesethdtr

good results with a shorter footprint of lengb.

B. Comparison with other Descriptors

To compare DAISY's performance with that of the other dgstoris we used again the data set of
Fig. 11 and also the data set of Fig. 12, for which laser scada is available as well. Arguably our
results on the data of Fig. 11 should be treated with caufiocesve have used these images to set our
parameters. However we have done no such thing with the d&tig.ol2 and obtain very similar results.

We used DAISY with occlusion masks, DAISY, SIFT, SURF, NCG drixel differencing to densely
compute matching scores. They are then all handled simiksldescribed in Section IV, to produce depth
maps. The only difference is that we do not use binary masksadify matching scores for descriptors
other than DAISY. All the region based descriptors are camegperpendicular to the epipolar lines,
SURF and SIFT descriptors at@8length vectors and NCC i$1 11

For the data set of Fig. 11, the left-most image in the rst iewnatched against each one of the other
ve, which implies a wider and wider baseline. The second m&picts the laser scanner data on the
left and the depth maps computed from the rst and third insagging DAISY, SIFT, SURF, NCC and
pixel differencing. The third row summarizes the comparisbdifferent descriptors against DAISY. The
leftmost graph shows the result for the rst and third imagdrp by plotting the percentage of correctly
estimated depths against the amount of allowed error wisichpresented as a fraction of scene's depth

range and remaining graphs summarize these curves for aiarpairs at discrete error levels. In one
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Figure 14. Herz-Jesu Grid. By using two images, one from the left-most column and onenftbe upper row, we compute
depth and occlusion maps from the view point of the row imagehe diagonal, we display the ground truth depth maps. We
marked the correctly detected occlusions with green, iectlly detected ones with blue and the missed ones with nexin F
this gure, it is apparent that DAISY can handle quite largesélines without losing too much from its accuracy as carebe s

from Table III.

case the depths are considered to be correct if they arenwlithiof the scene's depth range and in the
other within5%. We present results using DAISY with and without using thelesion masks. DAISY
by itself outperforms the other descriptors and the masésige a further boost.

For data set of Fig. 12, we match the left-most image with e@wd of the other rst row images
in turn and compute the depth map with respect to the latteaganWe display the ground truth maps
in the second row and show the estimated depth maps for @iffetescriptors in the remaining rows.
Fig. 13 depicts the quantitative results for this data seéhdke previous data set.

Both of the data sets shows that DAISY performs better thhofahe other descriptors. Note that
although the results of SIFT and DAISY are close for 3¢ threshold, DAISY nds substantially more
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Figure 15. Herzjesu Close-up.Depth map is computed from tH8¢ image's point of view using DAISY. Correctly detected
occlusions are shown in green, incorrectly detected onéls e and the missed ones with red. The last image is the lase

scanned ground truth depth map.

correct depths for th&% threshold. This indicates that the depths found using DA#8 more accurate
than those found using SIFT.

C. Occlusion Handling

We tested the performance of our occlusion detection schdthahe extended version of the HerzJesu
sequence of Fig. 12 depicted by Fig. 14. The matching is da@mguwo images, one from the rst
row and one from the rst column, and the depth map is showrhanreferential of the second image.
The resulting depth map is displayed on the intersectiomefréspective column and row together with
the ground truth on the diagonal. We use different colorsighllght correctly estimated occlusions,
missed occlusions, and falsely labeled occlusions. An @kamair of images from this sequence is
shown in Fig. 15. Table lll gives the percentage of the cdlyazstimated depths in visible areas where
the correctness threshold is set5% of the scene's depth range.

As discussed in Section IV, the value of the occlusion coshéngraph structure has a direct in uence
on how many pixels are labeled as occluded. In Figure 16, weROC curves obtained by using this
for all the image pairs of Fig. 14. Here, each data point regmés the result with a different occlusion
cost, true positive rate shows how many percent of the esibbas we detect as visible and false positive
rate shows the amount of missed occlusions. By using theds, ple picked a single valug5% of the
maximum costfor the occlusion cost for all the results shown in this pape

To show the effect of the baseline on the performance, we thitarea under the curve (AUC) of
these ROC curves with respect to the angle between the carfeerall the image pairs of Figure 14.
This curve shows that our approach works for a wide varietgashera con gurations and is robust up
to 30 40 changes. We also show two example ROC curves for narrowibasehd wide baseline

cases in the same gure.
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Figure 16. ROC for occlusion threshold. We plot ROC curves for the selection of the occlusion thrisior all the image
pairs of Fig. 14. On thdeft, we show the ROC curves of the narrow baseline image fphibg and the wide baseline image
pair f 1; 5g. On theright, we plot the area under the curve (AUC) of the ROC graphs ofintfege pairs with respect to the
angle between the principal axes of the cameras. The reelah such pair is represented with a data point and the curve
shows the tted line to these.

Frame

Number| 1 2 3 4 5 6
1 - 90.8 88.7 869 875 90.1
2 86.9 - 943 924 914 929
3 85.5 90.3 - 932 939 9%6.4
4 83.6 87.1 93.0 - 954 96.8
5 839 86.3 91.7 933 - 97.7
6 86.4 89.2 945 956 96.7 -

Table Il

CORRECTLY ESTIMATED DEPTH PERCENTAGE FORIG. 14

The progress of our EM based occlusion detection algorithm lwe seen in Fig. 17. In this gure,
we give an example for the evolution of the depth map with uwsion estimates at each iteration. The
initial estimate is quickly improved in the next iteratioritivocclusions receding and new depths being
estimated for these previously occluded-marked regiores.séé that further iterations do not improve

the result signi cantly and in practice we stop the procef$sraone or two iterations.
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Figure 17. Evolution of the occlusions during EM. The three images show the evolution of the occlusion estirdating the
iterations of the EM for Fig. 11 images. The initial solutiieftmost image) is quickly improved even after a singlgat®n

(middle image) and does not change much thereafter (rigéttintage).

D. Robustness to Image Transformations

Although we designed DAISY with only wide baseline condioin mind, it exhibits the same
robustness as histogram based descriptors to changes tiastoffrig. 1), scale (Fig. 2), image quality
(Fig. 3), viewpoint (Figs. 4 and 18) and brightness (Fig.. 18)these gures, we also present the depth
maps obtained using NCC and SIFT which include more arsiféltan ours. This result is noteworthy
because, although it is a well known fact that histogram dadescriptors are robust against these
transforms afeature point locationsthese experiments show that such robustness can also e &u
many other point locations.

To compare our method to one of the best current techniques\y2 ran our algorithm on two sets
of image pairs that were used in that paper, the Rathaus segué Fig. 20 and the Brussels sequence
of Fig. 21. But instead of using the original 3072048 images, whose resolution is high enough for
apparently blank areas to exhibit usable texture, we usé@l 62 images in which this is not true.
DAISY nevertheless achieved visually similar results.

Fig. 21 also highlights the effectiveness of our occlusiandiing. When using only two images, the
parts of the church that are hidden by people in one image ahéhrthe other are correctly detected

as occluded. When using three images, the algorithm retumredmost full depth map that lets us erase

June 14, 2009 DRAFT



27

Figure 18. Valencia Cathedral. The reconstruction results of the exterior of the Valenci@h@dral from two very different

viewpoints. Depth map is computed from tB& image's point of view.

Figure 19. Brightness Change.We compute the depth map from tB8% image's point of view using DAISY. There is a

brightness change between thémages.

the people in the synthetic images we produce.

VI. CONCLUSION

In this paper, we introduced DAISY, a new local descriptdnjck is inspired from earlier ones such
as SIFT and GLOH but can be computed much more ef ciently fensk matching purposes. Speed
increase comes from replacing weighted sums used by thieredescriptors by sums of convolutions,
which can be computed very quickly and from using a circylaymmetrical weighting kernel. The

experiments suggest that although pixel differencing aoretation is good for short baseline stereo, wide

June 14, 2009 DRAFT



28

(@) (b) () (d) (e) (f)

Figure 20. Results on low-resolution versions of the Rathaus images TP (a,b,c) Three input images of size 768512
instead of the 3072 2048 versions that were used in [26]. (d) Depth map compusatyall three images. (e) A fourth image
not used for reconstruction. (f) Image synthesized usirgdépth map and the image texture in (a) with respect to the vie

point of (). Note how similar it is to (e). The holes are calibg the fact that a lot of the texture in (e) is not visible in. (a

(@) (b) (©) (d) (e) () (9)

Figure 21. Low-resolution versions of the Brussels images [26{a,b,c) Three 768510 versions of the original 2048.360
images. (d,e) The depth-map computed using images (a) dnseén in the perspective of image (c) and the corresponding
re-synthesized image. Note that the locations where threr@eople in one image and not in the other are correctly rdaake
occlusions. (f,g) The depth-map and synthetic image gésnasing all three images. Note that the previously occdumleas

are now lled and that the people have been erased from ththsiio image.

baseline requires a more advanced measure for comparisoshtwed DAISY to be very effective for
this purpose.

Our method gives good results, even when using small imagestéreo reconstruction. This means
that we could use our algorithm to process video streams evies®lution is often lower than that of still
images. When dealing with slanted surfaces and foreshoggethese results could be further improved
by explicitly taking into account 3D surface orientatiordamarping the DAISY grid accordingly, which
would not involve any signi cant computational overheachid would t naturally in a warp stereo
approach [23] in which we would begin with unwarped detestorcompute a rst surface estimate, use
the corresponding orientations to warp the detectors, tandte.

Computing our descriptor primarily involves performing @aaian convolutions, which are amenable

to hardware exportation or GPU implementation. This coedtlito real-time, or even faster, computation
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of the descriptor for all image pixels. This could have irogtions beyond stereo reconstruction because
dense computation of image descriptors is fast becomingnaritant technique in other elds, such as
object recognition [7], [18]. To encourage such developisiem C++ andMATLAB ™ implementation

of DAISY is available for download from our webpage [30].
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