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Abstract—This work presents an improved method to estimate
disparity maps obtained from light field cameras using a novel
edge detection algorithm based on Krawtchouk polynomials.
The proposed method takes advantage of these polynomials
to determine gradient information and find the edges based
on automatically estimated weak and strong thresholds. The
calculated edges in the gray scale epipolar plane image repre-
sentation of a light field are then used to improve the accuracy
of object boundaries in the the disparity map. The proposed
method achieves better results when compared to other edge
detection algorithms, both in terms of objective and subjective
quality, specifically by reducing the mean squared error and
the artifacts in the object boundaries. Furthermore, on average,
the proposed method outperforms the state-of-the-art depth
estimation algorithms, in terms of the objective quality of the
final disparity map, namely for the commonly used HCI dataset.

Index Terms—Light Field, Disparity, Depth, Edge Detection,
Krawtchouk Polynomials, Structure Tensor

1. INTRODUCTION

While conventional video cameras only capture light inten-
sity, light field (LF) cameras also capture the direction of the
light rays traveling in space towards the sensor. This allows an
estimation of the depth information of the scene from a single
image acquisition. Accurate depth information is important in
a variety of contexts. Examples include medical diagnostic [1]
and efficient rendering and coding of LFs [2].

Several algorithms have been proposed to extract such
depth information from LF data. Tao et al. [3] estimate depth
by mixing focus and correspondence cues. Lin et al. [4]
extend this method with an iterative optimization step, while
Williem et al. [5] enhance the focus and correspondence
cues with a novel optimization step that takes into account
the direction of scenic surfaces. Jeon er al. [6] use a sub-
pixel extension of stereo correspondence to estimate disparity
from multi-view images. Wanner et al. [7], propose the use
of the structure tensor in order to estimate the orientation
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of quadrilateral structures in Epipolar Plane Images (EPIs),
which is proportional to the disparity in LFs. This method
proves to be remarkably accurate in homogeneous regions,
while systematically failing in occlusion areas. This systematic
error is designated silhouette enlargement [8], [9] as it results
in an enlargement of the silhouettes of objects in the disparity
map.

The quality of the edges determined by the structure tensor
approach has been enhanced by the authors in [9], to improve
the overall quality of the disparity maps. In that paper, a
method is described that uses edge detection at the Epipolar
Plane Image (EPI) level to detect the regions of the image
with enlarged silhouettes and inpaint those regions with values
from the background. However, since this is very reliant on the
estimated edge maps (computed by the Canny algorithm [10]),
visible artefacts appear near object boundaries whenever inac-
curate edges are obtained.

This work further exploits the edge accuracy trend to
improve the quality of the final disparity map. In this sense, a
novel edge estimation algorithm is introduced for improving
the accuracy of depth maps computed from 4D LFs. The
proposed edge estimation algorithm uses Krawtchouk poly-
nomials to calculate gradient information, which has been
shown as capable of providing edges with higher accuracy
than its counterparts [11]. In addition, the algorithm for in-
painting erroneous regions is further refined. The overall
results present a less segmented description of the object
boundaries, i.e., less interrupted edges. Such improvements
provide a clear reduction of artefacts, as well as in the mean
square error, when compared to other non-supervised state-of-
the-art methods.

The paper is organized as follows: in Section II, a back-
ground on LF images, epipolar plane images, disparity esti-
mation and the Krawtchouk polynomials is given. In Section
III, the proposed method for improving structure tensor-based
disparity maps is presented. Section IV provides experimental
results that compare the proposed disparity estimation method
with other state-of-the-art algorithms. Finally, Section V draw
some conclusions about this work.
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II. BACKGROUND

This section aims to provide sufficient background knowl-
edge on LF disparity estimation and discrete Krawtchouk
orthogonal polynomials, as well as their potential for edge
estimation that will be used in Section III in the proposed
method. To this end, the section is divided in two subsections.

Subsection II-A provides a concise introduction to LFs,
describing the epipolar plane image representation, as well
as, a structure tensor based method for estimating disparity
from LFs. Subsection II-B expands on the particular family
of discrete polynomials called the Krawtchouk orthogonal
polynomials.

A. Light Field, Epipolar Images and Disparity Estimation

A light field represents the flow of light on a scene with
fixed illumination through unobstructed space. This can be
conveyed by a 4-dimensional function L(s,t,z,y), which can
be seen as a 2D array of different views of the scene [12].
The spatial position of each viewpoint is represented by the
index of the different views (s, t), while the pixel coordinates
in each view are defined by (z,y).

Bolles et al. [13] observed that with enough density of
viewpoints, x,s and ¢,y cuts of the LF, designated EPIs,
contained relevant geometric information about the 3D scene,
showing that the slope of a line in the EPI is inversely
proportional to the depth of the point represented by that line.

As an edge in an EPI represents a single point of the
scene across different view-points, estimating edges from these
images proves more accurate and less prone to inaccuracies
when compared to estimating edges directly in the view
images. This is also true when estimating edges in the disparity
map. Therefore, it is beneficial to use a method for depth
map estimation that provides a full 4D depth map without a
great deal of complexity increase. One of such methods is the
structure tensor [14].

First proposed by J. Bigun in [15], the structure tensor is a
matrix whose eigenvectors approximate an average direction
of all lines in an image. When applied to an EPI 1(¥)(z, s),
the structure tensor for each point (x, s) is given by:

T@) =111, +c, I?*GU]LN J} M
oI oI

where I, = 5, and I, = 5, and G, represents a Gaussian
kernel with scale o. As the direction of linear symmetry
corresponds to the orientation of EPI structures, one of the
eigenvectors e = (eg, e1) is approximately co-linear with the
lines located in the vicinity of the chosen point. Thus, the
disparity of the chosen point can be calculated as d = z—;
Furthermore, Bigun also describes a coherence measure
(r»(+,-)) for the structure tensor. The coherence, is a value
bounded between zero and one that assesses how much the
structures in the vicinity of a pixel of the image have a well
defined direction. This is used as a reliability measure, which is
useful for the optimization step described in Subsection III-D.
As discussed in [9], when the vicinity of any given point

includes an occlusion edge belonging to a different object,

some problems arise. In such cases, this point is consistently
assigned the disparity of the neighboring occluding object. The
consistency of these errors provides a good opportunity for
improvement, which is explored in Section IIL.

B. Krawtchouk Polynomials

The basic theory on Krawtchouk polynomials is established
n [16], [17], for the continuous version and in [18], [19], for
the discrete version. Rivero-Castillo et al. proposed to use the
discrete Krawtchouk Polynomials for edge estimation in [11].

Let there be a normalized weight function (), = € A such
that A = {xg,z1,...,2n} CRwith zg < 21 < ... < =y
and

N
> () =1. )
k=0

The inner product of two functions f and g associated with
the set A and weight function g is defined as:

(f,9)an=Y_ f(xr)glwr)ulzr) 3)

k=0

In this manner, the monic Krawtchouk polynomials
k%(x,N) are orthogonal polynomials with respect to the
binomial distribution.

N
(B (2, N), 27 ) Ay oo = D K (i, N2/ wn (i) =0, (4)
=0

forall j =0,1,..., N, with
N _
wN,o(z) = <x> a®(1—a)V-, (5)

where x € Ay, with Ay ={0,1,...,N}, N €N, and a €
(0,1).

Let there be a function f of one variable. The first order
difference of f can be defined as A, f(x) = f(x+1) — f(z),
and the central difference between two nodes is given by the
expression Af(z) = % (f(z+1)— f(z — 1)). Krawtchouk
polynomials allow closed expressions for the discrete deriva-
tives of the polynomials such that:

A+k2(I7N) = nk’ig—l(l‘vN - 1)7 (6)
Aky(z,N) = g (k& _y (2, N — 1)+ kY_(x—1,N —1)).

n—1

These difference formulas can be extended to the two
dimensional case K9%2%(x,y) = k3*(x, N)k32(y,N), ob-
taining:

ALKL % (2, y) = (A (z, N)) ko2 (y, N)

(0% ,Ot « « (7)
AKL2 (2,y) = ki (o, N) (Akp2 (y, N)

where a1, as € (0,1), and (x,y) € Ay x A, [20], [21]. In
Subsection III-A, these difference formulas are used to aid in
the estimation of edges in an epipolar plane image.
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Fig. 1. Algorithmic structure of the proposed method.

III. PROPOSED METHOD

The proposed framework minimizes the silhouette enlarge-
ment effect by comparing edge maps estimated from the
LF’s EPIs with edge maps obtained from their corresponding
disparity maps. As can be seen in the algorithmic structure
represented in Figure 1, the proposed method receives as
inputs horizontal and vertical EPIs of the form [ (y)(x,s)
and 1(®)(y, ) and their respective structure tensor-based (ST-
based) disparity maps (DMs) d®)(z, s) and d*)(y,t). Addi-
tionally, a reliability measure for the disparity maps () (z, s)
and r(®)(t,y) is provided.

The Krawtchouk Edge Detection block (Subsection III-A)
provides an estimated edge map for a given EPI. The Dis-
parity Edge Detection block (Subsection III-B) provides
edge detection on the given disparity maps, these are used
in the Detection of Enlarged Regions block (also Subsection
I11-B) while the Enhancement of Object Boundaries block
(Subsection III-C) uses both edge estimations to enhance
object boundaries in the disparity map. Finally, the Optimiza-
tion Step block (Subsection III-D) describes a matting-based
optimization step.

A. Krawtchouk Polynomial-based Edge Detection

Since the disparity maps input to the proposed algorithm
(Fig. 1) present inaccurate object boundaries, it is necessary
to correct them in order to obtain good estimations of the
true location of object boundaries. In this paper, the use of an
edge detection method based on Krawtchouk Polynomials on
the EPIs is proposed to this end.

In order to approximate gradient information using Krawt-
chouk polynomials, a least squares approximation of the EPI
can be computed as:

Mi—1Ms—1

Pupon(@,8)= Y Y BamKiuM(x,s),  (8)
n=0

m=0

with

<I(y) (.’L‘, 5)7 K%,lv’r?2>2D

Ko Ko ®
where (-,-)op is the regular euclidean inner product in two
dimensions, and M;, My € Ay \ {0}, [21, Ch. 12].

The computation of the discrete derivative is performed
by first dividing the EPI into blocks [; ; with fixed dimen-
sions (n1 + 1) x (ny + 1). Let 8, ,,(4,5) be the coeffi-
cient obtained from (9) with I®)(z, s) = l;;, and By
be the matrix with the coefficients 3, (i,7) for all pixels
of I (y)(x,s). One can obtain B, ,, from the convolution
Bom = IW(x,8) % Cpy ny(n,m), where Cny,na(n,m) is
a matrix that depends only on the size of each window,

and is computed as Cy, n,(n,m) = alb,,, where @, is the

row vector [a,(0),...,a,(n1)] and b, is the row vector
[b,m(0), ..., by (ne)], with:

/))n.,m =

kjgl (Uv nl)wnh(h (U)

2 (10)
(el

a,(v) =

and
_ kfr? (U, n2)wn270¢2 (1))

b, =
(®) S]]

For each pixel (i, j) of the EPI I(¥)(z, 5), the discrete partial
derivative for the approximation P s, a7, is computed only for
the region [; ;, resulting in two matrices P, and P, with size
equal to the EPI. From (6) and (7) it is possible to prove that
P, =Bio—Bia+ %(33,2 —Bsp) and Ps = Bo1 — B2y +
3(Ba,s — Bos).

The remaining goal is to create an edge map egy) (2, s) from
P, and P;. Firstly, an edge strength matrix is calculated as
G(i,7) = \/P2(i,7) + P2(i, ). Secondly, the first level of
an adaptive threshold is used to find strong edge points:

Th1 = mean(G (i, j)) + k - std(G (4, §)),

with k& € RY. If G(i,5) > 7h1, (i,7) the edge is consid-
ered a strong one. The second threshold 739 is computed
similarly to 71, but using only the points (i1, j1) for which
mean(G(i,j)) < G(i1,71) < 7p1 . All points for which
G(i,j) > The are considered weak edge points. If a pixel
(¢,7) is a strong edge, egy)(i,j) = 1. If a pixel (4,7) is a
weak edge, then €;"’(i,5) = 1 if, and only if, it is adjacent
to a strong edge. The resulting edge map is rough, containing
thick and discontinuous lines. This is corrected by applying
consecutive dilation and thin morphological operations.

1D

(12)

B. Detection of Enlarged Regions

The texture edge maps egy)(ulc7 s), determined as described

in the previous section, are used to improve the localization
accuracy of object edges in the disparity map obtained with
the structure tensor. For this purpose, the position of texture
edges (points with egy)(w, s) = 1) must be compared with the
position of disparity edges (points with e;y) (x,s) = 1), where
efiy)(am s) is a disparity edge map.

Unlike regular images, it is not expected that neighboring
points representing the same surface have a low gradient in
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Algorithm 1: Detection of enlarged regions

Function detectEnlargedRegion(epi,disp,rel) is
(epiHeight, epiWidth) « size(epi);
Smid < epiHeight /2;
tEdges < krawtchoukEdgeDetection(epi);
dEdges « dispEdgeDetection(disp);
1+ 0;
k <+ 0;
while i < epiWidth do
if tEdges[smiq, 1] then
for j < i—wtoi+wdo
if dEdges[Smid, j] then
enlRegion[k] + (i,j);
i J;
k+k+1;
break;
end
end

else
11+ 1;
end

end
return enlRegion

disparity maps. In fact, any surface at an angle near 90°

to the camera would present a very high disparity gradient.

Therefore, in such cases neither Krawtchouk polynomial based

methods (as in [11]) nor other gradient-based methods (as
in [10]), provide the ideal behavior.

A simple alternative is to use the Laplacian of the disparity

map V2dW¥) (z, s), creating the binary edge map:

if V2dW) (;
efly) (2, 5) = {O?f V2di ;(x,s) <th 7 (13)
1if V2d\W (z,s) > th

where th is a predefined threshold.
To solve the matching problem it is necessary to first define
a vicinity region N around each g s.t. eiy)(so, xg) = 1:

N ={z:|z— x| <w}, V€N, (14)
where w defines the size of the vicinity.
For a given texture edge, potential matching candidates exist
if the following condition is verified:
3a) € N el (s0,2p) = 1. (15)
Matching candidates are only considered true matches if the
following constraint is respected:

(zo — p)

/
d(y) (Smid7 Ty + 7
|20 — g

) < dY (smid, 0)- (16)

This constraint ensures that the disparity of the foreground
region is larger than the disparity of the background region.

If two edges are considered true matches, the set of x
coordinates £ of the region between the matched edges is
defined as:

E:{{x:x§x6}, if x,xy > a0

17
{z:x>a(}, if z,2( <o (a7

Thus, Ve € FE, d(y)(so,e) contains disparity values relative
to the foreground region, when it should contain the values
relative to the background region. The procedure to find the
boundaries of this region E is illustrated in Algorithm 1.

C. Enhancement of Object Boundaries

Algorithm 2: Enhancement of object boundaries.

Function enhObjBound(disp,rel,boundaries) is
for boundary in boundaries do
(dEdge, tEdge) + boundary;
(dHeight, dWidth) « size(disp);
Smid < dHeight/2;
if dEdge<tEdge then
range < [dEdge, ..., tEdge];
bgRange < [dEdge — p, ..., dEdge];
else
range < [tEdge, ..., dEdgel;
bgRange < [dEdgg, ..., dEdge + p];

end

bgRange < excludeUnreliable(rel, bgRange);
bgValue <+ median(disp[smid, bgRange]);
disp[Smid, range] < bgValue;

end
return disparity

Having found the pixels of the disparity map affected by
silhouette enlargement, it is now the goal to correct these
values to improve the accuracy of the disparity map. This is
done by value replacement in the disparity map so that:

dW(sg, e) = median(d¥) (so, b)), Vb € B, (18)

where B represents the region containing pixels in the afore-
mentioned background region.

Unlike in [9], where the region between the matching
disparity edge and the next edge found in the disparity map
is used, here only pixels with reliable disparity values within
p pixels of the enlarged disparity edge are considered so that

B={xo,...,z0+ (p— 1)} U{z: 7@ (x,5) >0.7}. (19

This solves three major issues. Firstly, it reduces the effect
of false positive edges in e((iy) (z, ). Secondly, when the second
disparity edge is correctly found, the median of the disparities
on the entire section of an inclined surface will be a bad
substitute for the values at the end of the surface that’s near
the occlusion of the object, considering only values closer
to the region to be corrected provides much more accurate
results. Additionally, to aid in the robustness of the algorithm,
if B = & due to low reliability values, the region is left as a
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non-sense value (ie. NaN). The entire procedure is illustrated
in Algorithm 2.

In the disparity map d(z,y) of the chosen view sq, %o
these values are inpainted using a Laplacian based interpolator.
While achieving worse results than the replacement in (19),
the result for these cases is still overwhelmingly better than the
uncorrected disparity map when compared to a ground truth
disparity.

D. Optimization Step

Having determined a corrected local estimation of the dis-
parity, it is necessary to take into account constraints between
points, by propagating information with a higher reliability to
pixels with lower reliability. A Laplacian-based image matting
approach [22] is adapted for this purpose. The optimization
process is here shown for a single view of the LF, yet an
extension to the entire LF is straightforward.

An energy function is defined by combining a smoothing
term (d” Ld) and a data term (\(d-d)”C(d~d)), where d
represents a vectorized version of the estimated disparity map
and d is the optimal vectorized disparity map:

J(d) = d" Ld + \d-d)" C(d-d), (20)

with d and d being N x 1 vectors, where N represents the
number of pixels in each view (i.e. N = Height x Width),
and L represents an affinity matrix, whose N x N elements
can be understood as a measure of the affinity between each
pixel and the rest of the pixels on the image. Furthermore, A
is a global weight of the data term determining the strength of
the smoothing operation (A = 5, in [22]) and C' is a diagonal
N x N matrix, whose diagonal entries are the reliability values
) (z, ) inputted to the algorithm.

IV. RESULTS

The proposed method was evaluated using the commonly
used HCI 4D LF dataset, made available in [23], which
provides LFs with 9 x 9 views and a ground truth disparity
map. This training dataset is used as it provides a ground truth
for photo-realistic images.

The achieved results are presented in Table I, in terms of
the mean squared error (MSE) between the estimated disparity
maps and the ground truth, by using different edge detection
algorithms. The first method (Plain) generates the maps using
the structure tensor and a matting-based optimization. The sec-
ond method (Canny) estimates the maps using the silhouette
enhancement algorithm presented in [9]. The proposed method
(Prop.) estimates the disparity maps as described in Section III.
All methods use the same matting-based optimization, which
allows to highlight only the improvements related to the
enhancement of object boundaries. The results show a relative
improvement of up to 34.15%, in the case of the Cotton image,
while also obtaining meaningful reductions in MSE for the
Boxes and Cotton images.

While the impact on the mean squared error is considerable,
another significant contribution of the proposed method is
the reduction of artefacts around image boundaries. These

TABLE I
MSE (x100) FOR DIFFERENT EDGE DETECTION ALGORITHMS.

Images Plain Canny Prop.
Boxes 9.56 9.31 8.33
Cotton 2.21 0.79 0.52
Dino 1.19 0.63 0.55
Sideboard  1.91 1.21 1.21
Canny Proposed

Fig. 2. Comparison of border artefacts on the disparity map.

artefacts occur whenever there are incomplete edge segments
(false negatives) in the estimated object edge map. Figure 2
depict some details from the Cotton image using the Canny
edge detector and the proposed edge detection method. In
the disparity maps on the left, referring to those obtained
using the Canny method, it is possible to observe annoying
artefacts, where a large number of false negatives resulted in
no correction being applied. These artefacts are less visible
in right-most disparity maps, which were obtained using the
proposed method for silhouette improvement.

The proposed approach has also been evaluated against
other state-of-the-art methods for disparity estimation, as
shown in Table II. The Spinning Parallelogram Operator
(SPO) [24] is among the best non-supervised algorithms in
most metrics across the HCI dataset. The EPI2 method [7]
is a structure tensor-based method that uses a more robust
optimisation step, instead of an explicit algorithm for better
silhouette localization. For all images, the proposed method
achieves a better MSE than the EPI2 method. It also shows to
perform better than the SPO algorithm, on average, particularly
in half of the tested images, while significantly outperforming
SPO for the Cotton image. The best results are achieved when
the method is applied to images with fewer but larger objects
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with well defined edges.

TABLE II
MSE (x100) COMPARISON WITH THE STATE-OF-THE-ART METHODS.

Images Plain SPO  EPI2  Prop.
Boxes 956 9.11 1093 833
Cotton 2.21 1.31 432 0.52
Dino 1.19 031 208 0.55
Sideboard 191  1.02  4.65 1.21
Average 372 294 5495  2.65

V. CONCLUSIONS

In this work, the locality of silhouettes in LF disparity
maps, obtained from the structure tensor, is improved with
the use of the proposed edge detecting method based on
Krawtchouk polynomials. The edge detecting algorithm is
positively compared with the Canny edge detector, showing
noticeable improvements in terms of mean square error and a
large reduction in the number of visual impact artefacts. When
compared to other state-of-the-art algorithms using the HCI
image dataset, the proposed algorithm proves to perform better
than other methods based on the structure tensor, namely Plain
and EPI2, and also outperforming the Spinning Parallelogram
Operator method.
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