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ABSTRACT

Light field cameras have been recently shown to be very effec-
tive in applications such as multifocusing and 3D recortstru
tion. These cameras can provide depth cues from both defo-
cus and correspondence in a single snapshot. In this paper,
we present a fast response aggregation framework for depth
estimation by jointly using defocus and correspondencs.cue
Different from existing approaches, we perform a fast gra-
dient preserving filtering in a label domain, instead of in a
depth domain, to efficiently compute a dense depth map. The
proposed approach comprises of three steps: 1) consiuctin
defocus and correspondence response volumes, 2) adgptivel

smoothing the two volumes and performing Winner-Takes-_. . . -
All label selections, and 3) post-processing by using neailo Fig. 1. Depth estimates from light-field image. (a) the central

image guided averaging. With such a compact framewor \,”eW’ (b) result of [3], (c) result of the proposed method.

currently best depth estimation results can be achieveis. Th
compact framework is suitable for various applicationshsuc
as object segmentation and surface reconstruction.

©

one cue or another, since it is difficult to acquire and combin
both cues in the same framework.
Index Terms— depth estimation, light-field, response ag- ~ With the emergence of light-field camera, it becomes
gregation easy to exploit defocus and correspondence cues jointly for
depth estimation. Recently, Tao et al. [5] combine the two
1. INTRODUCTION cues to estimate dense depth map. They present the defocus
and correspondence measures for different shear angles of
The concept of light-field cameras has been proposed bgPl, and adopt Markov Random Fields (MRF) [6] to fuse
Adelson and Wang [1] over twenty years ago. Ng et al. [2]both cues according to confidence measures introduced by
are the first to introduce the prototype of micro-lensesyarraHirschmuller [7]. However, in regions where both cues show
light-field camera, which provides a multiple-view of a seen low confidence, their depth estimates degrade significantly
in a single snapshot, recording the distribution of lightsra In addition, due to the lack of edge-preserving property in
in space. As explained in [2], we can refocus images byostprocessing, their results tend to be blurry at edges.
shearing the epipolar image (EPI) extracted from lightdfiel In this paper, we propose a fast response aggregation
data to achieve many multiple-views focused at differenframework for depth estimation by jointly using defocus and
depths. Therefore, we can calculate depths from defocus amtbrrespondence cues. This framework is shown in Fig. 2.
correspondence cues simultaneously. We first construct defocus and correspondence response vol-
How to accurately estimate depth from defocus and corumes, and apply an image guided filtering on them. Then,
respondence cues has been extensively studied. Schechtter Winner-Takes-All strategy is used to obtain the initial
et al. [3] and Vaish et al. [4] have discussed the strengttls ardepth estimates. Finally, we utilize nonlocal image guided
weaknesses of each cue. Generally speaking, the defocsis caweraging (NLGA) [8] to preserve sharp depth edges in post-
are good at repeating textures and noisy regions, whileeorr processing. This proposed approach can produce hightguali
spondence cues have better performance in bright points anlépth estimates with sharp edges, as shown in Fig. 1, which
features. Most existing work on depth estimation only ekplo enable applications such as object segmentation and surfac
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Fig. 2. The pipeline of the proposed algorithm. We first constretbdus and correspondence response volumes according to
the sheared EPI. Then, we smooth the volumes by image guiltirddind use Winner-Takes-All strategy to obtain the aiti
depth maps. Next we combine defocus depth map with correlspme one. Finally we use NLGA to refine the combined
depth map.

reconstruction.
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2. ALGORITHM

The pipeline of the proposed algorithm is shown in Fig. 2.
Similar to [5], we first construct the defocus and correspon-
dence response volumes by shearing EPI. Different from thei
method, we first filter each slice of response volumes under
the guidance of central view image. Then, the depth estsmatq: . . . .
ig. 3. A light-field image after decoding. It consists of ser-

from the above response volumes are determined in a winner-

val sub-images presented in the left side, that are captured
take-all fashion, respectively. Next, we average the egém

for pixels passing the validity-check. We adopt weighted me': d%sn:ﬁz\?voﬁnbel;ttmgt drllﬁt(:lr:g:a\glfvc\)/fztalg-ti?ﬁap\;:;I(c?:ngﬁe
dian filtering method to fill the invalid pixels. At the end, we S0 Y ¥ g 9 9

utilize NLGA to refine the outputs. horlzontal dimension (denoted by red rectangle blocknfor
ing a cut plane (denoted by yellow rectangle block) called an

_ epipolar plane image (EPI). The rich structure (denoted by

2.1. Response Volume Construction color lines within the yellow rectangle block) emerges ia th

A light-field image after decoding are presented in the léft o E;It.ofnhearing EPI means to refocus image shown in the right

Fig. 3. It consists of serval sub-images, that are captured i

a single snapshot but with different view points. Fig. 3 also

explains the concept of EPI. We first stack all images along |n [5], Tao et al. have presented two effective measures to

a line of view points (denoted by red rectangle block), theryescribe defocus and correspondence responses. They treat

cut through the stack (denoted by yellow line), forming a cuthe spatial variance of EPI integrated across the view dimen

plane (denoted by yellow rectangle block) called an epipolasjon as the defocus measube (z).

plane image (EPI). The rich structure (denoted by colosline

within the yellow rectangle block) emerges in the EPI. Da(2) = 1 Z |A 7 ,)’
For simplicity, we explain the proposed algorithm on 2D T W v ’

EPI shown in Fig. 3 (Note that we implement our algorithm

on 4D EPI). Ng et al. have demonstrated how to shear the ERthereWWp, is the window size around the current pixel, and

to achieve refocus in [2]. A, (z) is the Laplacian operator. Besides, they regard the

view variance as the correspondence meaSure).

)

z'€Wp

Lo(z,p) = Lo(z + s(1 — E)’S)’ @

2
whereL, denotes the input EPL,, denotes the shearing an- \/ Z oz, u') (I)) ®)
gular value represents the spatial domain antepresents
the view domain. L,, is the average of sheared EPI acrossAlso, they averag€’,, (z) by W, size window for greater ro-
the view dimensiors, which can be interpreted as the refo- bustness. Accordingto Eqn. 2 and Eqn. 3, for each pixel in the
cused image under shearing vatueThe refocus processing image, we can measure defocus and correspondence respons-
is presented in Fig. 3. es for each shearing angular valueThen we can construct

1637



Fig. 4. The depth maps before and after smoothing responsFeig' 5 (a) and (d) are the central view, (b) and (e) are the

volumes. For the depth map, the lighter pixels are regarsled ecl:ombined depth map where black pixel refers to the invalid

o value which need to be filled by reliable neighbor value, (c)
closer point in scene to the camera and darker as fathes (a) 'nd (f) are the results refined by weighted median filter and

center view, (b) and (c) are the defocus depth maps before a GA
after smoothing respectively, (d) and (e) are the correspon )
dence depth maps before and after smoothing respectively.

. . Here, ux andX, are the mean vector and covariance of
the response volume that is a 3D array which stores the "% in a squared window?;, centered at pixek. U denotes

sponses for a certe_lin s_hearing vaduat pixelz. Noticed that ¢ identity matrix and is a smoothness paramefelris the

the sheared value is discrete. number of pixels inV,. We recommend referring to [10] for
further details.

2.2. Fast Response Volume Filtering The comparison of the depth maps before and after s-

moothing is shown in the Fig. 4. It can be easily seen that

The optimal shearing angular valaeimplies the true depth
P gang P P most of the outliers have been eliminated.

information. For defocus cues, the optimg] () can be
found by locating the largest response, and for correspon- o )
dence cuesy” (z) can be found by locating the smallest re- 2.3. Combination and Refinement

Sponse. After the processing steps as outlined above, we obtain two

depth estimates from two different cues. However, they may

al (z) = argmax D, (z) , (4a) be inconsistent in some regions, as shown in regions erntlose

@ by the color circles in Fig. 4. To overcome this problem, we
al (x) = argmin C,, (z), (4b)  use a validity-check technique to assign binary validiti va
@ ue for each pixel. For each pixel, if the difference between

two depth estimates is smaller than a threshold, the walidit

The above problem is a typical multi-label problem. Hos-ya|ye is assigned to be 1, otherwise 0. For pixels passing the
ni et al. proposed a simple framework to achieve high-aualit alidity-check, we compute the average of the two estimates
solutions for general multi-label problems [9]. In theirmkp a5 the initial depth value. Fig. 5(b) and Fig. 5(e) show tfie in
the resultant label is effectively smoothed by a very fagieed tjal depth map after validity-check. For the invalid pixelse
preserving filter [10], where the label transitions areradid  adopt weighted median filtering method to fill them [9].
with color edges of the inputimage. Similar to their method,  Then, we use NLGA filter to refine the filling result to
we propose to smooth the response volumes and then find tBehooth the remaining residual artifacts. NLGA is an edge-
optimal angle in a winner-take-all fashion. For each slite opreserving filtering method developed recently and is able
the response volume, we smooth it under the guidance of cegy exploit the nonlocal self-similarity of the guidance igea

ter view image. The explicit form of the filter kernel weight can be formuldte
as:
Vie=) Wij()Vja, ®)
7 ; Y Wij= >  wiwgX
k:(i,5)€Q}

whereV represent the response volume@nd; are pixel in- _\T . _ \7 >
dices. The filter weight®/; ; is calculated from the guidance {1 + (Ik —Iw (QZ)) (Erw +eU) (]j — 1w (QZ))]
image! as follows. (7)
where Q! represents the nonlocal neighborhood of pikel
1 T “ler _ w;; is the nonlocal weightl,,, (%) andX,, ,, are the weight-
e 1 k:(%:eﬂk [1 ) Gl + V) #k)]’ edjmean vector and covariancg matrixip. The refinement
' (6)  results are shown in Fig. 5(f).
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Fig. 7. Two applications. (a) the center view, (b) object seg-

) ) mentation by matting method [11], (c) object segmentation
Fig. 6. The comparison between our results and Tao et aI.’sby using Tao et al.'s depth map (d) object segmentationtesul
(a) is the central view, (b) is the occlusion boundaries mdrk by using the proposed method’s depth map, (€) surface con-
by user manually, (c) presents Tao et al.’s results, (d)gmss  stryction by using our depth map, (f)surface constructipn b
our results. The value under each depth map is AUC value. ysing Tao et al.’s depth map. The second row presents each
segmentation’s matte that the white regions indicate thefo

3. RESULTS AND ANALYSIS ground object.

In this section, we explore the potential of the proposed-alg ¢t objects with more accurate boundaries by using depth
rithm based on light-field images released by [5]. The COMimap, as shown in Fig. 7. Apparently, the depth map we ob-
parison between our results and that of Tao’s are shown ipyineq is helpful to reduce the ambiguity that comes from
Fig. 6. In our implementation, we adopt the same parametefy|or space, and produce shaper boundaries compared with
s as those reported in [5], when we construct the responsg,yg.

volumes. Surface Construction. We can remap the pixels into

For quantitative comparison, we evaluate the performancgp gpace to achieve surface reconstruction according to the
of depth map in terms of occlusion boundary detection by)pi-inaq depth map, as shown in Fig. 7.

calculating the area under the receiver operating chaiscte
tic (ROC) curve, i.e. the AUC value. Here, we regard the
occlusion boundary detection as a classifier and the gradien 4. CONCLUSIONS
t of depth maps as the classification results. Given a certain
threshold, the points above the threshold are classifiedss p In this paper, we propose a fast response aggregation frame-
itive and the others as negative. For any threshold, true andork for depth estimation by jointly using defocus and cor-
false positive rate are obtained. By varying the threshold arespondence cues. High quality depth maps can be achieved
some intervals within the maximum range, the ROC curvey filtering each cue’s response volume. The validity-check
can be plotted and the area under the curve (AUC) can be cglrocessing is able to preserve the consistent estimatesxand
culated. The depth map with larger AUC has superior qualityclude others. The pixels fail to pass validity-check aredill
According to AUC evaluation, the proposed scheme outvia a weighted median filtering method. High-quality depth
performs Tao et al.’s in terms of occlusion boundary detecti  estimates with sharp edges can be obtained by using NLGA
As seen from Fig. 6, the surface of the foreground leaf, anfiltering method to refine the filling results. Finally, thesual
the background of chord are consistent. Visually, the edg@spection and quantitative assessment confirm the eféecti
of leaf in calabash is sharper. For the shoes example, thougiess of the proposed method. The depth maps obtained from
the AUC measures are close, our results have better visual ajis compact framework is able to lead to improved perfor-
pearance, since the proposed scheme removed the unexpeateghce in two applications.
textures. ACKNOWLEDGEMENT
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