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Abstract—Light field disparity estimation algorithms are com-
prised of two steps: an initial estimation step and a global
optimization step. The initial estimation is often noisy and may
contain high amplitude artefacts. Global optimization techniques
might inadequately propagate these artefacts, providing sub-
optimal results. In this paper, an iterative morphological filter
is proposed as an intermediate step or replacement to global
optimization techniques. This algorithm iteratively filters the
disparity map with an average of Open followed by Close and
Close followed by Open morphological operations, enabling the
removal of artefacts and noise, without adversely affecting the
structure of the disparity map. The iterative open-close close-open
filter attenuates the effect of artefacts and noise from an initial
disparity estimation, achieving improvements of up to 90%, and
more than 30%, on average, in terms of mean square error,
when applied to the a structure-tensor-based initial estimation.
In addition, the proposed method proves to be competitive with
another state of the art algorithm, in terms of mean square error,
and superior in terms of percentage of bad pixels.

Index Terms—Light Field, Disparity, Morphological Operation

I. INTRODUCTION

Light fields enable the acquisition of structural and texture
information from a single sampling step. This foregoes any
registration problems common with other depth acquisition
methods at the cost of increased complexity in the estimation
of disparity from the light field information.

Several methods have been developed to acquire disparity
information from light field images. The early works of
Wanner et al. [1] and Tao et al [2] opened the way for many
other algorithms, such as the works by Zhang et al. [3], Jeon
et al. [4], Strecke et al. [5], Schilling et al. [6] and Lourenco
et al. [7]. In general, these works consist of two steps: An
initial disparity estimation and a smoothing step.

Disparity estimation is error prone in areas of the image with
low texture information. This occurs as disparity estimation
methods rarely constrain image smoothness in the initial
estimation step, relying instead on a global optimization step
that, in most cases, works by minimizing an energy function
that enforces a degree of smoothness to the disparity map.
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However, the initial disparity estimations often contain high
amplitude, low-area artifacts which are then propagated across
the image during this optimization step, adversely affecting the
end result.

This paper proposes an iterative Open followed by Close
and Close followed by Open (Open-Close Close-Open -
OCCO) filtering of the initial disparity estimation. The OCCO
filter was first discussed in [8]. In this broader context, the
OCCO filter removed any abrupt transitions, while an addi-
tional reconstruction step prevented the filter from damaging
the high frequency components of an image. This led to great
results in the removal of low-amplitude noise, such as scanner
noise. However, when applied to initial disparity maps, the
main goal becomes the removal of high-amplitude artefacts.
In this context, the OCCO filter, when applied iteratively with
differing structuring elements, proves adequate without a need
for the reconstruction step.

To study this filter in the context of disparity estimation,
it is applied to the base structure tensor [9] estimation using
both the Training and Additional datasets from the HCI dataset
[10]. Additionally, the method is compared with the image
matting-based [11] global optimization method used in [4]
and [7]. The post-processing step proves effective in terms
of both subjective visual quality and two metrics suggested
in [10], the Mean Squared Error (MSE) and amount of pixels
above a certain error threshold (badpix). It achieves an average
MSE improvement of 34% and an average reduction of 10%
in badpix. Additionally, the method is competitive with the
global optimization method in terms of MSE, and superior in
terms of badpix, indicating a lesser degree of over-smoothing
in border regions.

The paper is organized as follows. Section II, provides
some background on the Matting-based Global Optimization
Step used as a reference throughout the paper as well as
a brief introduction to morphological operations. In Section
III, the filtering process is thoroughly described. Section
IV addresses the sole free parameter of the algorithm, the
maximum radius of the structuring element. Section V presents
a thorough analysis of the algorithm, including parameter tests
and comparisons with other enhancement alternatives. Finally,
in VI some final thoughts are provided and the most important
results are summarized.



II. BACKGROUND

This section starts with an introduction to an image matting-
based optimization method. This is done with the goal of
providing a superficial understanding of global optimization
methods as well as a better understanding of the method
compared with the proposed iterative OCCO filtering process.
Following this, a brief introduction to morphological opera-
tions is given.

A. Matting Based Optimization

Image Matting is an image processing problem centered
around finding a transparency map, also known as an α-matte,
for an image. One way to formalize this problem is to describe
any image as a pixel-wise linear combination of a foreground
image and a background image, with the α-matte providing
the weight of the linear combination for each pixel. This model
is illustrated in the matting equation:

Ii = αiFi + (1− αi)Bi, (1)

where Ii is a pixel of the image, Fi is the color of the
foreground of pixel i, Bi is the color of the background of
pixel i and αi is the value of the α-matte for that same pixel.

The values of Fi, Bi and αi are unknown. The equation
is therefore unsolvable without some simplifying constraints.
In [11], the assumption used is that the background and fore-
ground images are locally constant. In this way, discontinuities
in the image I are attributed to changes in α. From these
assumptions, locally, α can be expressed as:

αi = aIi + b,∀i ∈ w, (2)

where a = 1
F−B , b = − B

F−B and w is a small window for
which the smoothness assumption should be valid.

Equation (2) is still under constrained and can only be
solved in a least squares sense by minimizing the energy
function:

J(α, a, b) =
∑
j∈I

∑
i∈wj

(αi − ajIi − bj)2 + εa2j

 , (3)

where wj is a small window around the pixel j. The regu-
larization term εa2j allows for numerical stability and biases
the solution towards smoother α mattes as, from (2), aj = 0
implies a constant α.

By algebraic manipulation, it is shown in [11] that this
minimization does not depend on the values of a and b. By
writing the energy function in matrix form and noting that the
intuition for (1) remains valid if α indicates disparity and not
transparency. The energy equation becomes:

J(d) = dTLd, (4)

where d is a N ×1 vector containing all disparity value of an
image, with N being the total number of pixels in the disparity
map, and L is an N × N affinity matrix, where elements in
the principal diagonal denote the strength of the connection
between a given pixel of an image and the rest of the image,

Fig. 1. Disk shaped, flat, structuring element with radius 9 (magnified).

while off-diagonal elements are the negation of the strength
of the connection between a pair of pixels.

The Energy Function above is incomplete, as a trivial
solution exists for constant disparity maps. Jeon et al. [4]
introduced the following complete energy function, adding a
data-term:

J(d) = dTLd+ λ( d−d̃)TC(d−d̃), (5)

where d̃ is an N × 1 vector of an initial disparity estimation,
λ is an arbitrary weight of the data term, and C is a diagonal
matrix indicating a measure, between zero and one, of the
reliability of the initial estimation. By minimizing this energy
function, one can obtain an optimal disparity map in regards
to smoothness constraints.

B. Morphological Operations

Morphological operations consist of a set of powerful
techniques suited to the analysis of the structure of binary
or gray-scale images. This section includes a brief practical
introduction to the morphological operations used in the
proposed method. A more detailed description can be found
at [12].

Throughout this article, morphological operations are taken
to be operations involving an image I and a structuring element
Z, an usually small binary image with a defined origin point.
The most common morphological operations consist of erosion
and dilation. To erode image I using the structuring element
Z, notated I 	 Z, the origin of the structuring element is
translated across I so that the resulting value at the origin
position is equal to the smallest value of I in the region
overlapping Z. Overall, this has the effect of reducing the
amplitude of the image and is a non-reversible operation. The
dilation operation, notated I ⊕ Z, involves a similar process,
but the maximum value of the overlapping region is chosen,
resulting in an increase in the amplitude of the image.

Both these operations can be applied successively. Dilation
followed by an erosion with the same structuring element
results in an Opening operation IZ = (I	Z)⊕Z. In practical
situations, if one considers a 2D grayscale image as a binary
3D set whereby the gray value is a third dimension, the



Algorithm 1: The Iterative OCCO algorithm.

Function occo filtering(D,rmax) is
r = 1;
while r < rmax do

structuring element← disk kernel(r);
O← open(D, structuring element);
OC← close(O, structuring element);
C← close(D, structuring element);
CO← open(CO, structuring element);
D← 0.5× CO+ 0.5×OC;
r ← r + 1;

end
return D

effect of this operation is a removal of peaks in which the
structuring element Z does not fit when coming from below
(−∞). Performing the operations in the reverse order results
in a Closing operation IZ = (I⊕ Z)	 Z. It has the effect of
removing holes in which the structuring element does not fit
when coming from above (+∞). These two operations are
useful in the removal of artefacts from estimated disparity
maps.

III. PROPOSED METHOD

Disparity map estimations, without an optimization step,
contain a substantial amount of high-amplitude artifacts. While
Opening and Closing operations can remove some of these
artefacts, they can also adversely affect the quality of the
disparity map. Here, an iterative OCCO filtering is proposed.
The algorithm involves successive filtering operations while
increasing the radius of a disk shaped structuring element.
Algorithm 1 shows a pseudo-code representation of the algo-
rithm.

A. OCCO Filter

The OCCO filter of a disparity map D with a structuring
element Z is given as:

OCCO(D;Z) =
1

2
(DZ)

Z +
1

2
(DZ)Z. (6)

The OCCO filter is the pixel-wise average of the open-close
and close-open filters [13]. The use of successive opening and
closing operations attenuates both positive and negative high-
amplitude artefacts. However, this incurs a bias on the gray-
levels of the results. A similar, but opposite bias occurs when
one performs the operations in the opposite order. The OCCO
filter, as the average of these two operations, does not incur
any bias while still smoothing the image.

B. Iterative Filtering

The structuring element Z used is flat and disk-shaped, as
shown in Figure, 1. The radius of this disk is directly related
to the radius of the noise the filter is capable of eliminating.
A single iteration filtering is often insufficient. Employing a
large radius results in worse performance in removing smaller

Fig. 2. Average MSE ×100 (above) and Badpix 0.7 (below) value for
different maximum radius of the structuring element.

amplitude noise. However, using a too small radius makes it
impossible to deal with artefacts covering a larger area.

The proposed solution is to filter the image iteratively using
structuring elements with increasing radius up to a maximum
radius rmax. The default value 6 is used for this radius for
all experiments shown unless stated otherwise. Section IV
includes a more in-depth discussion on the effects of this
parameter.

IV. EFFECT OF THE MAX RADIUS PARAMETER

The maximum radius of the structuring element is the only
parameter of the algorithm, being extremely important. A
small value on this parameter will allow artefacts to remain
unnecessarily, while a large value can be extremely problem-
atic for certain types of disparity map structure.

In order to choose the best possible default parameter, the
structure-tensor-based disparity values were filtered using dif-
ferent maximum radius of the disk shaped structuring element,
ranging from 2 to 9. To measure the effectiveness of the
various values of rmax, two important metrics were calcu-
lated. The MSE×100 is sensitive to smaller improvements on
the disparity map. This allows one to detect improvements
when the effect of noise and artifacts is diminished, but not
completely eliminated. The badpix 0.07 metric is a measure of
the percentage of pixels of the disparity map with an absolute
error value above 0.07. As such, it is extremely sensitive to
any over-smoothing of border-regions, therefore a very slight
error in the disparity of a given pixel will increase the bad
pixels count.



TABLE I
MSE ×100 COMPARISON FOR THE ADDITIONAL AND TRAINING LIGHT

FIELDS.

MSE ×100 badpix 0.7 (%)

ST ST+OCCO ST ST+OCCO

Antinous 44.1396 29.0013 66.0 51.1
Boardgames 2.7383 0.1385 13.8 6.0
Dishes 4.7083 3.7807 32.5 18.6
Greek 92.1353 55.9181 48.1 31.8
Medieval2 3.0112 0.4904 21.5 5.5
Museum 6.1888 3.8803 26.3 19.4
Pens 4.1956 5.9673 13.8 14.1
Pillows 0.6275 0.5120 6.7 4.2
Platonic 2.5179 2.2368 2.6 1.5
Rosemary 42.2034 35.6377 43.2 33.3
Table 11.0550 5.8236 29.1 21.9
Tomb 1.1202 0.2635 31.3 3.1
Town 2.6884 1.3023 20.0 9.0

Vinyl 15.7706 4.7634 22.9 17.8
Boxes 15.9431 12.7861 41.2 25.3
Cotton 4.1664 2.8795 21.9 5.6
Dino 1.6108 1.4868 13.6 10.3
Sideboard 2.9240 2.6600 18.0 14.0

Average 14.3191 9.4182 26.3 16.2

The average values of these two metrics for the Additional
dataset are shown in Figure 2. As can be seen, in terms of bad-
pix 0.7, it is optimal to maintain a maximum radius of around
5, as a larger maximum radius can result in over-smoothing
of borders and warping of the morphology of certain disparity
maps. On the other hand, the minimum average value for the
MSE is obtained around the 8 pixel range. The default value
of 6 was taken as a sensible compromise between smoothing
and structure fidelity.

This compromise allows for a quick sharing of results, but
it is sub-optimal and the best results are achieved when the
max radius is left as a free parameter for each light field.
This can be observed in Figure 3, where the Pens dataset
is shown before filtering and after being filtered with a max
radius of 2 and 4, respectively. When a max radius of 4 is
used the pens start merging with each other increasing error
and decreasing border fidelity. Nevertheless, the results when a
max radius 2 is used show an improvement over the unfiltered
image in terms of MSE (3.96) and badpix (10.8%). Section V
shows that this is not the case for the default max radius of 6,
with the disparity map for the Pens light field being the only
map for which iterative OCCO filtering does not lead to an
improvement in either of the metrics studied.

V. EXPERIMENTAL RESULTS

The discussion of experimental results is divided in two
parts. First, the results of the algorithm are analyzed individu-
ally, comparing the mean squared error and badpix 0.7 metrics,
before and after the application of the algorithm. Following
this, the achieved results are compared with the matting-based
optimization framework used in [4] and [7].

The proposed OCCO filtering was tested on all Training and
Additional light fields of the HCI light field database [10]. The

TABLE II
MSE AND BADPIX COMPARISON BETWEEN OCCO FILTERING AND AND A

MATTING-BASED OPTIMIZATION TECHNIQUE (MATTING)

MSE ×100 badpix 0.7 (%)

ST+OCCO ST+Matting ST+OCCO ST+Matting

Antinous 29.0013 24.0402 51.14 56.6
Boardgames 0.1385 0.5538 6.0 9.8
Dishes 3.7807 3.1990 18.6 23.0
Greek 55.9181 50.3877 31.8 36.0
Medieval2 0.4904 0.4983 5.5 7.4
Museum 3.8803 3.6609 19.4 23.4
Pens 5.9673 2.4929 14.1 13.6
Pillows 0.5120 0.4086 4.2 3.9
Platonic 2.2368 1.4365 1.4 3.0
Rosemary 35.6377 29.1210 33.3 35.3
Table 5.8236 5.1624 21.9 22.2
Tomb 0.2635 0.2613 3.1 6.6
Town 1.3023 1.0382 9.0 11.0

Vinyl 4.7634 7.5462 17.8 23.3
Boxes 12.7861 9.5261 25.3 29.2
Cotton 2.8795 2.2042 5.6 9.3
Dino 1.4868 1.1892 10.3 9.7
Sideboard 2.6600 1.8317 14.0 14.8

Average 9.4182 8.0310 16.2 18.8

MATLAB® implementation of the algorithm runs in an average
of 0.14s per disparity map, when using the default radius on
a computer with an Intel® Core™ i7-8750H CPU running at
2.20GHz.

A very significant reduction in artifacts can be seen in
Figures 4 and 5 for the light fields Cotton and Tomb, respec-
tively. The numerous and visible white dots in the background
of the disparity maps, as well as in some of the objects in
the disparity map for the Tomb light field, are completely
eliminated.

While the visual results indicate successful noise reduction,
it is hard to observe if important structures were affected by the
operation. Table V compares the mean squared error (MSE)
and the badpix of a structure-tensor-based initial disparity
estimation (ST) before and after the proposed iterative OCCO
filtering algorithm. The best value (smaller) is shown in bold.
One can see a very significant improvement for all light
fields, except the Pens light field, with an average reduction
of 34.26% in MSE, with some light fields, such as the
Boardgames and Medieval2 light fields, achieving reduction
in MSE of up to 80%. In terms of bad pixels, the filtered
disparity maps have, on average, 10% less bad pixels, which
is a significant improvement, with the filtered disparity map
of the Tomb light field having 28% less bad pixels.

It has been shown that the algorithm provides significant
smoothing and artifact removal without negatively affecting
the structure of the disparity map. Table V compares the
use of the OCCO filtering with the use of a state-of-the-
art optimization technique (Matting). As can be seen, the
proposed iterative OCCO filtering method achieves better
results in terms of badpix 0.7, while slightly under performing
in terms of MSE. This can be explained by the existence of
significant over-smoothing of edges in the disparity map in the



Fig. 3. Disparity maps of the Pens light field. From Left to Right: Structure Tensor-based Initial Disparity (MSE ×100 = 4.20); Occo-filtered disparity map
with radius 2 (MSE×100 = 3.96); Occo-filtered disparity map with radius (MSE×100 = 4.98).

Fig. 4. Disparity Maps for the Cotton light field before (above) and after
(below) iterative OCCO filtering.

matting-based algorithm. This allows to improve the MSE, but
has adverse effects on the badpix metric.

VI. CONCLUSIONS

An iterative filtering algorithm based on morphological
operations was proposed, in order to provide an adequate
enhancement of initial disparity maps. This method has proven
to adequately reduce artifacts and noise in disparity maps,
without adversely affecting the structure elements of the scene.

Fig. 5. Disparity Maps for the Tomb light field before (above) and after
(below) iterative OCCO filtering.

When applied to a structure tensor-based initial estimation,
the algorithm allowed to improve the MSE by an average of
over 30% and reduce the number of bad pixels by more than
10%, with individual light fields achieving MSE improvements
of over 90%. Compared to a matting-based global optimization
algorithm, the iterative OCCO filter achieved better badpix
results with slightly worse MSE results, proving to better retain
the structure of the scene, at the cost of a slight increase in



the total error.
Overall, this work introduces an adapted version of an

existing morphological operation in a new context, providing
a novel method of disparity map smoothing that is competitive
with global optimization methods.

Further work would involve testing the algorithm with
other initial estimation methods, as well as a more thorough
comparison with the many global optimization methods in the
state-of-the-art literature.
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