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ABSTRACT

Light fields capture both the intensity and angular information of
light rays emanating from objects in a given visual scene. The
combined spatial information allows the estimation of dense depth
maps through the use of different methods currently available in
related literature. One such methods is based on the structure ten-
sor, which globally yields good results but fails to find coherent
depth values in occlusion areas. In this paper we propose a method
to obtain an accurate depth representation of object boundaries
that are located in such occlusion areas. The proposed method is
based on the reconstruction of an edge map comprised of depth
transitions, while avoiding texture gradients with no depth varia-
tion. This reconstructed edge map representation is used to highly
enhance the quality of disparity maps obtained from the structure
tensor. The achieved results show a significant reduction of the
mean square error for a wide variety of light fields. Informal sub-
jective analysis of the obtained disparity maps also reveals a sig-
nificant reduction in artifacts near the object boundary regions.

Index Terms — Light Field, Disparity Estimation, Plenoptic
Imaging

1. INTRODUCTION

Nowadays, depth information is used in various computer vision
applications, such as automatic measurements and quality control
in different types of industries [1], 3D analysis and computerized
effects in imaging and video, and also for diagnostic of medical
conditions [2]. With the advent of light field images, depth estima-
tion has become a common processing step in several applications
based on this type of multidimensional visual information.

Light fields, represented as 4D signals, comprise information
not only about the intensity but also the directionality of light
rays, which must be processed prior to practical use. In order
to estimate the disparity from 4D light fields, several methods are
described in the literature. A few notable examples include the
spinning parallelogram operator (SPO) algorithm [3] that utilizes
a novel operator to detect the orientation of symmetries in each
point of an epipolar plane image (EPI), the EPINET method [4],
which makes use of light field specific data augmentation tech-
niques to train a neural network in disparity estimation, and the
structure tensor method [5] that provides a fast and accurate dis-
parity estimation.
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The most impacting limitation of the structure tensor method
is the systematic inaccuracy of depth estimation in occlusion re-
gions of the light fields. Since this problem is not addressed by the
structure tensor’s reliability metric, multiple techniques have been
developed to mitigate this issue. Wanner et al. [5] use both Total
Variation Denoising and a global optimization method to obtain an
enhanced disparity map, built from disparity maps and obtained
from horizontal and vertical epipolar plane images. In spite of its
sophisticated algorithm, this method does not completely elimi-
nate the inaccuracy around border edges. The work of Li ef al.
[6], on the other hand, tries to mitigate this limitation by develop-
ing a penalty metric for the reliability of the structure tensor based
on epipolar geometry and using such indicator in a closed form
optimization based on the Laplacian matting matrix [7]. How-
ever, this method is not effective in some specific image regions
of the light fields. More recently [8], the authors of this paper took
advantage of the systematic nature of this occlusion error to iden-
tify the erroneous areas and inpaint them with values from correct
regions. While this technique achieves better results in terms of
objective metrics, the detection of relevant image regions is heav-
ily dependent on the quality of the utilized edge map, with visible
artifacts appearing when the edge detection algorithm fails.

While in [8], the correction is done simply based on the de-
tected disparity and image edges, as described in Subsection 3.1,
in the present work, the inaccuracy of the structure tensor in oc-
clusion areas is further addressed by proposing an algorithm to
improve the light field edge map, described in Subsection 3.2. To
this goal, an edge map is created including only object boundaries
and avoiding sharp transitions in the texture of the image that are
not represented in the disparity map (i.e., rapid changes in tex-
ture without a correspondence in depth). Such edge map is then
used to improve a structure-tensor-based disparity estimation by
increasing accuracy in occlusion areas and reducing the amount
of artifacts.

The remainder of the paper is organized as follows: Section 2
describes the structure tensor and explains its limitations near the
occlusion areas. Section 3 details the algorithm to generate accu-
rate edge maps and how they are used to improve the accuracy of
the disparity maps obtained with structure tensor. In Section 4,
experimental results obtained with the proposed method are pre-
sented, showing a significant improvement when compared to pre-
vious structure-tensor-based methods and comparable results to
other state-of-the-art methods. Finally, in Section 5, the overall
contributions of the work are analyzed along with possibilities for
further research.



2. THE STRUCTURE TENSOR

The structure tensor is defined for a given pixel (z,y), as 2 x 2
matrix Txy, computed as:
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where I and I, represent the smoothed directional discrete deriva-
tives of an image I, and G, represents a Gaussian kernel with
scale o.

In [9], it is shown that the structure tensor has two orthogo-
nal eigenvectors, where the direction of the eigenvector with the
highest associated eigenvalue is the direction of linear symmetry.
When applying the structure tensor to an EPI, the direction of lin-
ear symmetry will correspond to the orientation of the structures
and, therefore, it is proportional to the disparity [5].

While using regular numeric values to find the eigenvectors of
Ty provides a reliable estimate of the disparity, it is more com-
putationally efficiency to analytically solve for the eigenvectors of
Ty, obtaining:

d=
2Ty
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where d is the disparity estimation for a pixel in the EPI image 1.
Furthermore, the coherence of d itself can be estimated by means
of a reliability measure r, which provides a metric for how closely
the window around the pixel represents a linearly symmetric func-
tion. Pixels near strong edges have a high reliability value, while
pixels in constant areas of the image have a lower reliability value.

By definition, the structure tensor T, includes convolutions
with a Gaussian kernel (G5, see (1)) using a window centred
around each pixel. In occlusion regions, one has to take into ac-
count that the linear symmetry is associated with an object edge.
Yet, this symmetry will be calculated for the entire window and
assigned to the central pixel of said window. This central pixel
might not coincide exactly with the object edge. In such case, the
orientation of the edge in the EPI (i.e. its disparity) is incorrectly
assigned to a pixel that does not represent the occluding object.
This situation occurs every time a window includes an object edge
that does not cross the central pixel of said window. In practice,
this leads to objects having larger silhouettes in the disparity map
than in the original image.

3. EDGE RECONSTRUCTION METHOD

The proposed edge reconstruction method comprises three main
steps. Firstly, an initial map of object boundaries in the central
view is estimated based on EPI edge detection. Secondly, this ini-
tial edge map is improved using an edge reconstruction algorithm.
Finally, the improved map of object boundaries is used to detect
and correct erroneous regions of the disparity map.

3.1. Initial Object Boundary Estimation

The goal of this first step is to find the initial binary edge map
Minit(, y) that gives the position of object boundaries in the cen-
tral view of the light field. To do so, the light field L(s, ¢, z,y) is
split into its various EPIs in the vertical and horizontal directions,

Ih(S,iU) - L(S7tmid7x7yj)7 (4)

where x; and y; refer to the i*" line or 5" column of each view
of the light field with 4,44 lines, and jmqz columns respectively.
The total number of views in the horizontal and vertical directions
is defined as Smaz and tmaz, tmia = round(222x) and spiq =
round(*=x). This implies that only the crosshair views of the
light field are used.

The remainder of this section will be limited to explain the
procedure for the horizontal EPIs I ,Sj ) (s, ). The method for the
vertical EPIs 1" (t,y) is considered to be equivalent. The struc-
ture tensor is used to calculate the disparity dV/)(s,z) and the
reliability 7 (s, ) for every EPI I ,(Lj )(s, z) for all j such that
0 < j < Jmaaz- In order to differentiate texture-only edges from
object boundaries, all edges in I, ,(f ) (s, z) are matched with an edge
ind¥ (s, ) whenever a correspondence exists.

In order to accomplish this, it is necessary to detect all tex-
ture and disparity edges. For each I ,(Lj ) (s, ), a texture edge map
e,(fj ) (s, x) is obtained using the Canny edge detector. For the cor-
responding disparity dw (s, x), gradient-based methods, such as
the Canny edge detector, would provide false-positive results in
surfaces approximately orthogonal to the camera plane as they
would provide high disparity gradients. Thus, the
Laplacian V24w (s, x) proves to be a better tool to compute the
disparity edge maps of dv )(s,x). In this way, a binary map
efij )(s, ) is created such that
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where th refers to a predefined threshold.

Since the algorithm’s goal is to obtain an improved dispar-
ity map for the center view of the light field alone, to reduce the
computational complexity in further steps, only the central lines
(9)

of e;”’(s,z) and efij >(s, x) are kept (those corresponding to the

center view), i.e., the EPI edge line liﬂ(x) = eEj)(smid, x) and
the disparity edge line l((]lj> (z) = efi”(smid, x).

As previously discussed, the disparity map dv )(s,x) is in-
accurate in occlusion regions causing the EPI edges indicated in
lij ) (z) not to coincide with those in lfjj ) (z). This complicates the
matching between EPI edges and disparity edges.

To solve the edge matching problem, let us define for all zg

such that lij) (zo) = 1, a vicinity region N:
N={z:|z —xo| <w}, Vz €N, (6)

where w is a constant defined based on the size of the Gaussian
kernel G used to construct Txy. Then a disparity edge can be
considered a matching candidate if:

3z e N |19 (xp) = 1. )

Then, matching candidates are considered valid object bound-
aries if they respect the following disparity constraint,

/
av <5mid7 xo + 2o — 7 x?)> < d9 (smia, o), (8)
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which imposes a disparity in the occluding region that is larger
than the disparity in the occluded region. If this constraint is
fulfilled, then the map of object boundaries M;nit(zo,y;) = 1,
otherwise M nit(xo,y;) = 0. Additionally, to be used in the
improvement step, a map of the edges of the center view dispar-
ity, ma(x,y) is created by concatenating all disparity edge lines
19 (2) with 1 < § < jimaa-



3.2. Edge Map improvement

Due to limitations of both edge detectors, mint(z,y) still has
broken edge segments. This leads to visible artifacts in the dis-
parity, when such edge map is used to enhance the silhouettes of
objects in disparity maps. In order to create the final map m(z, y)
with more accurate object boundaries, the following method was
devised:

1. Very short edges are eliminated (i.e., shorter than 4 pixels).

2. Edges of the center view L(Smid, tmid, T,y) are computed
using the Canny detector and compared to Mminit(x, y).

3. Edges that share a significant number of points in both
maps are merged.

4. Finally, the remaining broken edges segments are recon-
structed.

To reconstruct these broken edges, the spatial position of the
end points for each line are calculated and the euclidean distance
between all pairs of endpoints is stored in a symmetric matrix M.
Additionally, the directional estimate is assigned to each endpoint,
based on the four closest points.

The objective is to draw a straight line, using the Bresenham
line-drawing algorithm, connecting endpoints that should consti-
tute a single, complete boundary of an object. Here, the chal-
lenge lies in estimating which endpoint pairs should be connected.
Since closer unconnected endpoints are more likely to belong to
the same edge, an iterative algorithm is used to choose the uncon-
nected endpoint pair with the smallest euclidean distance, which
is equivalent to finding the smallest value in M (excluding its prin-
cipal diagonal).

For each endpoint pair, a decision must then be made to con-
nect or not the pair with a straight line. Figure 1 shows an example
of an endpoint pair. The black dashed lines represent the estimated
direction associated to the endpoints. Variables c and o’ represent
the angles between these lines for each endpoint and the horizontal
direction (light gray dashed lines). The colored dashed line repre-
sents the straight line defined to connect both endpoints. While, 8
is the angle between this line and the horizontal direction.

If the difference between o and o’ is larger than 90° the end-
point pair is ignored and no line is drawn. Similarly, if either
|oe — B) or |’ — B| are larger than a predefined threshold, the end-
points are considered unconnected, since this indicates that the
respective directions are significantly different from the straight
line. In all other cases a connecting line is drawn in m;(z,y)
between the two endpoints. After reconstructing all possible bro-
ken edges throughout the whole disparity map, an improved map
m(x,y), with more accurate object boundaries is obtained.

Figure 2 compares details in the m(x,y) before and after
edge improvement for the Cotton image of the HCI dataset [10].
There is an accurate reconstruction of incomplete edges around
the shoulder area of the statue also shown in the Figure.

As real object boundaries constitute closed forms and do not
include discontinuities, it is valid to consider that any disconti-
nuity in m(z,y) corresponds to some sort of error in the edge
detection process. The results in Section 4 confirm this.

3.3. Improving the disparity

After the previous reconstruction process, the spatial position of
the object boundary edges in m(z, y), is compared with the corre-
sponding position of the disparity edges in mq(x, y). The region
between two corresponding edges is the one that needs to be cor-
rected.
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Figure 1: Example of a broken edge. Black dashed lines show the
predicted extension of the edges. If o and o are close to 3, then
the two edges are connected through the colored dashed line.

(b) Map before im- (c) Map after im-
provement provement

Figure 2: Edge reconstruction detail on the Cotton image.

For this puprpose, the process used to find matching candi-
dates, defined in Subsection 3.1, is repeated for each line m(x, y;).
In this case, for every o, such that m(zo,y;) = 1, a neighbor-
hood N is defined as in (6). Then a disparity edge can be consid-
ered a matching candidate if:

Jzp € N |ma(zp,y;) = 1. )

Additionally, the following disparity constraint must hold for any
two matching edges:

!
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where d'(ac, y) is the disparity map obtained by concatenating all
lines %) (smia, ) With 1 < j < jmag. If this constraint is not
fulfilled, then the matching is considered impossible, and the dis-
parity edge for x = x(, is discarded. If the constraint is fulfilled,
then the edges are considered matching and the region E is de-
fined:

an

E = {I$§336}: 1f$7$6221’0
{z:2 >0}, if 2,20 < 0

After this step, the disparity values to be corrected are defined
as the vector d(e,y;) Ve € E, which contains the disparities of
the occluding object, rather than those of the background region.
Thus the corrected disparity map is obtained as,
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(a) Silhouette Enhancement (b) Proposed

(d) Proposed

(c) Silhouette Enhancement

Figure 3: Edge details on disparity maps taken from the Cotton
and Dino images with and without edge improvement.

d(e,y;) = median(d(b, y;)), (12)

where d(b,y;) Vb € B contains values of the disparity of the
first P pixels (from the disparity edge position) of the background
region B = {xo,...,z0 + (P —1)}.

Finally, the optimization based on the Laplacian Matting Ma-
trix [7] (as applied in [6] and [8]) is used to reduce the noise from
the final disparity estimation.

4. EXPERIMENTAL RESULTS

The proposed method was implemented in MATLAB and evalu-
ated on the HCI training dataset [10]. The results for the SPO [3]
and ST [5] methods are taken from the HCI Light Field Bench-
mark website [10]. Table 1 shows the impact in terms of mean
square error (MSE), comparing the algorithm with state-of-the-art
methods and with the method previously proposed by the authors
(ST-SI) in [8]. One can see a clear improvement relative to the
structure tensor-based methods presented in [5] and [8]. From
Figure 3 one can confirm that the proposed algorithm is able to
improve the disparity map by eliminating border artifacts. The
use of a more accurate edge map ensures that the inpainting oc-
curs across the whole edge without discontinuities.

Table 1: Comparison between state-of-the-art methods and the
proposed method (Prop), in terms of Mean Square Error (x 100).

SPO[3] ST[5] ST-SI[8] Prop
Boxes 10.374  10.928 9.31 8.353
Cotton 1.329 4318 0.79 0.479
Dino 0.254 2.076 0.63 0.572
Sideboard 0.932 4.658 1.21 1.164

When compared with state-of-the-art methods, it is clear that
the proposed method presents a performance superior to the more
traditional ST approach in [5]. When compared to the SPO frame-
work, the proposed method proves to be superior for some images,
namely those with visible and well defined edges, such as Boxes
and Cotton, while obtaining inferior results in images with larger
number of relatively small features, such as Dino and Sideboard.

While neural-network based methods exist and show promising
results, algorithms such as [4] include these LFs in their training
dataset, thus they cannot be fairly compared with other methods.

5. CONCLUSIONS AND FUTURE WORK

In this paper, a method is proposed to generate improved maps
with accurate delineation of object boundaries in light fields. Such
maps are then used to improve the performance of a structure
tensor-based disparity estimation methods.

This improvement is notable both in terms of the subjective
analysis of the results, where a significant reduction in annoying
artifacts and an increase in border accuracy can be observed, as
well as through an objective metric, the mean square error, where
the algorithm performs very competitively in relation to the state-
of-the-art methods. While this work focus on disparity estima-
tion improvements, future work can make use of the accurate ob-
ject boundary map to help in object segmentation and region-of-
interest determination.
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