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ABSTRACT

This paper describes a robust depth estimation algorithm for multi-
focus plenoptic images. The main feature of the proposed method
consists of a hybrid template matching scheme built-upon intensity
and local phase information, which adapts to the blurriness of neigh-
bouring lenslet microimages. By reducing the impact of defocus-
blur on the template matching accuracy, the proposed method effi-
ciently handles the varying triangulation baseline over the depth-of-
field, thus discarding the need for scene-related information such as
the expected range of disparities. Experimental results demonstrate
the robustness of the proposed method over the most used commer-
cially available depth estimation algorithm, achieving a reduction of
73% on the depth estimation error.

Index Terms— Light Field, Depth Estimation, Multi-focus,
Lenslet

1. INTRODUCTION

Light-field (LF) cameras consist of an optical system composed by a
principal lens and a micro-lens array (MLA) mounted in front of an
image sensor. Its main characteristic is the ability to capture both the
intensity and angular information of the light rays reaching the main
lens, i.e., dense 3D radiance data, from a single-shot capture. Given
its inherent 3D capabilities, plenoptic technology has been driving
research efforts in different application fields, such as computer vi-
sion, computational photography, among others.

Multi-focus plenoptic images are acquired by the so-called
plenoptic cameras 2.0 using specific arrangements of micro-lenses
with different focal types [1]. One of such cameras is the Raytrix [2],
comprising interlaced arrangement of micro lenses with 3 different
focal lengths according to the layout depicted in Figure 1. Due
to the inclusion of micro-lenses with variable focal length, multi-
focus plenoptic images exhibit different blurring for a given working
distance because adjacent micro-images represent the same image
texture with different focus levels. This effect constitutes an issue for
depth estimation (DE), as state-of-the-art lenslet-based techniques
rely on the definition of point-to-point correspondences between
neighbouring micro-images. As such methods are based on conven-
tional template matching approaches, whose performance is highly
sensitive to image degradation such as out-of-focus blur, DE from
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Fig. 1: Multi-focus MLA arrangement. The categorical index en-
codes the f-type and N denotes the neighbourhood order with re-
spect to the central micro-lens marked with ∗.

multi-focus plenoptic images is not consistently accurate for any
type of scene.

This paper addresses the problem of DE from multi-focus
plenoptic images through the adoption of a defocus-robust local
texture descriptor. This allows the definition of multi-view point
correspondences, while mitigating the impact of degradation caused
by micro-images with different levels of blur. An adaptive approach
based on the concept of defocus coherence of neighbouring micro-
images is proposed, thus enabling the definition of point correspon-
dences in complementary domains (intensity and frequency-based),
according to the blurriness of the matched micro-images. The over-
all results show that the proposed algorithm preserves the accuracy
of the DE throughout the depth-of-field of the camera, which is
important in applications where the precision is critical e.g. medical
and industrial ones.

The remainder of the paper is organized as follows: Section 2
presents the related work and describes Local Phase Quantization
(LPQ) as a defocus-robust local texture descriptor. Section 3 intro-
duces the proposed method and Section 4 discusses the experimental
results. Finally, Section 5 draws the conclusions and final remarks.

2. BACKGROUND

The dense 4D data obtained by LF cameras offers multiple possibili-
ties for DE. One of the most common approaches involves sampling
2D slices of fixed angular and spatial direction, usually referred to as
Epipolar Plane Images (EPIs) [3], which allows one to compute the
scene depth by correlating the respective edges slopes to disparity
measurements [4, 5]. Since for 2.0 LF cameras the process of view
demultiplexing on the basis of EPI formation depends on a prelim-
inary DE [6], the following review is restricted to DE methods that
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exclusively operate on raw lenslet images, which are available with-
out any further processing or additional information.

The authors of [7] propose a dense DE scheme relying on the
semi-global matching paradigm [8]. The method involves a dense
disparity estimation based on photometric cost volume aggregation
computed over an expected range of disparities. It adaptively adjusts
the set of neighboring micro images that are considered for point
matching, according to a spatial coverage criterion, and further in-
cludes a semi-global regularization step, as well as a supplementary
regularization for insufficiently textured regions.

A different approach is presented in [9], where a feature-based
scheme aims to reduce the complexity of the previous semi-global
matching. The complexity reduction results from sparse detection
and geometrically-constrained matching of points of interest. The
obtained point correspondences are triangulated using a method
based on a RANSAC. Nonetheless, the main contribution of such
method consists of a depth refinement procedure based on quartile
sectioning of the depth range, aiming to weight the contribution of
each micro lens type, depending on the axial position of the triangu-
lated correspondences. Compared to [7], this method presents lower
computational complexity at the cost of a reduced accuracy.

The discussed methods [7, 9] are not adaptable, as they both
heavily depend on a set of operating parameters that must be specif-
ically tuned beforehand. For instance, in [7], the range of expected
disparities, the maximum triangulation baseline, as well as smooth-
ness factors related to the regularization steps must be set according
to focus and magnification settings. Analogously, in [9], both the
predetermined partitioning scheme of the depth range, as well as the
definition of linear combinators to the proposed weighting scheme
for depth refinement constitute an operating downside.

To overcome these limitations, an alternative approach for the
definition of correspondences based on LPQ [10] is proposed. As
further detailed below, this method does not require scene-related
information (e.g maximum allowed triangulation baseline / range of
expected disparities), though it still enables handling the varying tri-
angulation baseline of 2.0 LF cameras.

2.1. Local phase quantization and spatial defocus invariance

The discrete model that relates an isotropically blurred image I’ and
its original version I is expressed in the frequency domain as

F{I ′} = F{I} · F{h}, (1)

where F denotes the discrete Fourier transform and h the blur re-
sponse function. By decomposing Eq. (1) into its magnitude and
phase components, the latter is given by

∠I ′(u, v) = ∠I(u, v) + ∠h(u, v), (2)

in which ∠ represents the phase angle of the transformed elements
and u, v denote a pair of arbitrary frequency components. Assuming
the blur response function h to be centrally symmetric, as in the
case of defocus blur kernels approximated by Gaussian-like shapes,
it can be demonstrated that the corresponding Fourier transform only
admits real values, thus forcing the ∠h(u, v) to assume the form of
a binary-valued function given by

∠h(u, v) =
{
0, if h(u, v) � 0

π, else
. (3)

Hence, by applying Eq. (3) into Eq. (2), blur invariance can be
achieved with respect to the Fourier phase according to

∠I ′(u, v) = ∠I(u, v), ∀ (u, v) : h(u, v) � 0. (4)

.
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Fig. 2: Workflow of the proposed depth estimation framework.

Therefore, a defocus robust local description can be obtained by
properly characterizing local phase information. Since defocus blur
has a low-pass essence, LPQ allows for such pixel-based description
through a compact representation of the short-term Fourier trans-
form (STFT) coefficients of the four lowest frequency components
i.e. (u, v) ∈ {(1/s, 0), (0, 1/s), (1/s, 1/s), (1/s,−1/s)}, with s
standing for the size of the STFT support window. Then, the con-
catenation of the resulting real and imaginary parts of the computed
Fourier responses of each frequency yields a vector G, composed by
8 coefficients that undergo scalar quantization according to

qi =

{
0, if Gi � 0

1, else
. (5)

Lastly, the resulting quantized coefficients are transformed through
binary encoding, enabling the assignment of a blur insensitive 8-bit
integer to each image pixel. Different results of local phase descrip-
tion can be obtained by changing the transform scheme and/or by
introducing variants to the quantizer, as proposed in [11, 12]. For
the reported system, STFT was used to compute the local frequency
coefficients given its efficiency and robustness when compared, for
instance, with Gabor filter banks [13]. In this work, the originally
proposed LPQ quantization scheme [10] has been adopted due to its
simplicity.

3. PROPOSED METHOD

The proposed method consists on four sequential steps, as repre-
sented in Figure 2. Besides the improved awareness to defocus-
related artifacts offered by LPQ, its adoption in the DE framework
allows this to run without any prior guess of the maximum triangu-
lation baseline. In fact, as small triangulation baselines allow DE
for both near and far objects [14], one can refrain from assuming
a maximum allowed triangulation baseline if correspondences are
iteratively established between consecutive first-order neighbouring
micro images. However, in the case of multi-focus LF cameras, such
process involves the definition of correspondences based on radiance
information acquired by micro lenses with different focal length, as
depicted in Figure 1. A possible solution to enable template match-
ing in this case employs image restoration algorithms. However,
such methods require the knowledge of the point-spread functions
of both micro lenses, which typically involves a complex and ill-
posed estimation process [15]. Alternatively, the adoption of LPQ
into the DE framework is exploited in this work to bolster the defini-
tion of point correspondences between different micro lenses, even
when defocus-related degradation occur.

3.1. Micro lenses centers estimation

Since the MLA can be modeled as a camera array, the first step of the
proposed method involves the estimation of the center of the micro
lenses, defined in image coordinates given that the MLA is assumed
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fronto-parallel relatively to the image sensor. This is done according
to the methodology proposed in [16].

3.2. Local edge detection

Given the distribution of micro lenses centers, depending on the tex-
ture of the scene, a suitable edge detection algorithm is locally exe-
cuted at micro images of interest, in order to define a sparse support
domain for subsequent matching. The adaptation of edge detection
to operate per micro image is quite relevant for DE in 2.0 plenoptic
cameras, since point correspondences can only be unambiguously
defined in regions with sufficient detail [2]. The method proposed
in this paper employs threshold-based binarization followed by mor-
phological opening and dilation operations for automatic detection
of salient micro images, i.e. micro images that present object edges,
combined with local Otsu-based thresholding and binary border fol-
lowing [17] to detect edges directly at micro images of the lenslet
(see Figure 3c).

3.3. Point-to-point matching

In the context of the proposed DE algorithm, the previously obtained
local edge maps have a two-fold relevance. First, they constitute
the sparse domain Ω of reference blocks on a given micro image
mRef , to be matched against their homologous at a target micro
image, mTgt. Furthermore, local edge maps allow to estimate the
blurriness bσ of each micro image of interest.

Using the defocus blur as a depth cue, it is proposed to build a
decision criterion around bσ to adapt the domain on which the point
correspondences between mRef and mTgt are defined. Since for
specific narrow depth bands, neighbouring micro lenses with differ-
ent focal length still retain similar texture detail, the desired criterion
should allow to eliminate the need of LPQ-based template matching
on such cases. This condition is desirable as intensity-based template
matching boosts the density of depth estimates. This notion is clearer
in light of the formulation of LPQ for local texture description (see
section 2.1). Briefly, the size s of the discrete support window used
to compute the local frequency responses dictates the trade-off be-
tween blur robustness and local discriminability [10], which conse-
quently determines the minimum patch size to define templates for
matching on the LPQ-based image. The blurriness bσ for each mi-
cro image of interest m∗ was estimated, according to the principle
of gradient ratio [18], as

bm∗
σ =

∑
i,j

∇m∗[i, j]
∇m′∗[i, j]

, i, j ∈ Ω, (6)

where m′
∗ stands for a Gaussian filtered version of m∗ using sigma =

1.5. Given the circular shape of the microimages, a normalized con-
volution was used since the binary mask of each microimage domain
was available. Then, the quantity

Δbσ = ||bmRef
σ − b

mTgt
σ || (7)

was computed and aggregated for the set of first-order neighbour-
ing micro images, leading to a list of Δbσ values used for K-Means
clustering with K = 2 as an approach to categorize the difference
between the gradient ratios of two micro images in terms of a de-
focus coherence index Kc. Accordingly, depending on the value of
Kc returned by the clustering algorithm for a given pair of micro im-
ages, the template matching domain can adaptively change. In this
paper two operating domains for template matching are considered,
either based on intensity or on LPQ-based image.

Algorithm 1: Finding point-to-point correspondences be-
tween neighbouring micro images (mRef ,mTgt)

input : {pI , pLPQ} (Intensity and LPQ-based template matching patch
sizes)

output: ΩmRef
←→ ΩmTgt

Compute Δbσ (mRef ,mTgt);
Find nearest K-Means centroid, Kc;
if Kc = 0 then

operatingDomain ← intensity template matching;
metric ← normalized cross correlation;

else
operatingDomain ← LPQ-based template matching;
metric ← sum of absolute differences;

end
Get sparse ref. domain, ΩmRef

and target domain, ΩmTgt
;

for xR ∈ ΩmRef
do

for xT ∈ ΩmTgt
do

Test for epipolar consistency Ec(xR, xT );
end
for all xT ⇐⇒ Ec(xR, xT ) = 1 do

Compute similarity s(xR, xT );
end
x∗
T ← argmax

xT

s(xR, xT );

Test for reciprocal consistency, Rc(xR, x∗
T );

if Rc(xR, x∗
T ) = 1 then

if x∗
T � xR then

Assign correspondence;
else

Discard correspondence (xR, x∗
T );

end
else

Discard correspondence (xR, x∗
T );

end
end

Having set the decision criterion in the defocus coherence
space, the next step involves the definition of point-to-point corre-
spondences between neighbouring micro images. The process is
generic and independent for all the remaining pairs of micro images,
thus being suitable for parallel processing.

Briefly, the patch centered at each edge coordinate of mRef

serves as reference template for a given iteration. Then, by taking
the edge coordinates of mTgt, as well as the coordinates of both
mRef and mTgt centers, all the target candidate points located far-
ther than 1 pixel from the epipolar line starting at xR are discarded
(Ec(xR, xT )). Next, the patch similarity of each geometrically-
consistent candidate is computed, thus allowing to retain the best
matching candidate and to define a temporary correspondence. Next,
such process is performed in the reversed order of the elements that
compose the temporary correspondence in order to ascertain its bidi-
rectionality (Rc(xR, x

∗
T )). The last validation focuses on the injec-

tivity of the final correspondences. To this end, if more than one
point of the domain of mTgt has been matched against xR, only the
one with higher similarity score is kept.

The previous operations lead to a set of point correspondences
between mRef and mTgt. A single correspondence between points
from the two mentioned micro images is given by xR ←→ x∗

T

If mTgt can be considered as source of reference points matched
against candidates at a micro image different than mRef a new cor-
respondence is defined by x∗

T ←→ x∗∗
T . By deduction, a simple

aggregation scheme can be employed to group correspondences that
refer to the same feature, which are replicated in a variable number
of micro images. This simple mechanism precludes the need for any
prior information about the varying triangulation baseline over the
depth of field.
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3.4. Optimal triangulation

This step involves estimating a 3D point for each group of correspon-
dences. In 2.0 LF cameras, metric depth estimates can be obtained if
the distance between the MLA and the image sensor is known. This
happens as depth estimates are proportional of such distance, thus re-
sulting in the so-called virtual depth [2]. In practice, the virtual depth
can be obtained if the position of an image formed behind the sensor
is known. From a geometrical point of view, the distance between
the MLA and the image sensor equals the projection distance that a
ray passing through the center of a micro lens traverses until it hits
the image sensor. Assuming the MLA as a grid of pinhole cameras at
the plane Z = 0, each group of correspondences can be represented
by a group of rays (i.e. lines) with origin at the plane Z = 0 that hit
the sensor plane at Z = −b. Thus, the point correspondences and
the respective micro lenses centers (in image coordinates), can be
expanded into three-dimensional space, allowing one to formulate
the estimation of an image point behind the sensor as a line inter-
section problem; in this work, a least-squares approach [19], which
optimizes the 3D estimation by minimizing the re-projection error,
was used.

4. EXPERIMENTAL ASSESSMENT

To evaluate the performance of the proposed DE method, a practical
experiment was designed using a 3D object, consisting of five step
planes equally spaced (0.250 mm) in the axial dimension, as repre-
sented in Figure 3a. A commercially available 2.0 plenoptic camera
Raytrix R42 [20] was used to obtain a raw lenslet image of the ob-
ject. For the purpose of converting virtual depth estimates into met-
ric depth the plenoptic camera was calibrated, as described in [21].
Furthermore, to allow image-based DE, texture was applied (painted
black dots) over the originally uniform 3D object (Figure 3b). The
raw lenslet image was processed to detect groups of micro images
of interest, as reported in Section 3, and an example of such de-
tection is shown (Figure 3c). The proposed point-to-point match-
ing and triangulation were applied in each detected region, resulting
in multiple 3D coordinates. For this experiment, an optimal set of
execution parameters has been heuristically determined, namely: a
size of 7 for both the intensity and LPQ-based templates, normalized
cross-correlation as similarity function for intensity-based template
matching and sum of absolute differences, as the similarity function
for LPQ-based template matching. Since the micro images were
found to have a valid inner domain (free of vignetting) of approxi-
mate 31 pixels, and the STFT support window size used to generate
the LPQ image representation was 5 pixels, thus the employed patch
sizes was 7 pixels.

The limits of the five object planes were known in image co-
ordinates, allowing to group the depth estimations per plane using
the central coordinate of each salient region. This methodology re-
sulted in five distributions of depth estimates. The metric depth val-
ues were, then, obtained according to the camera calibration. For
comparison purposes, the raw depth map provided by the propri-
etary Raytrix software was also obtained. As such map is defined on
lenslet image coordinates, the same experimental methodology was
applied to it. Also, a minimum confidence threshold of normalized
cross correlation of 0.90 was set to preserve depth estimates at the
most salient micro images. Using both methods, the average of the
depth estimations in each object level was assessed, and the step size
between neighbour planes was estimated by subtracting their depths
of consecutive planes, as indexed in Figure 3a. The results, as well
as the error between the estimation and the experimental value of

� � � � �

(a) Side view of the 3D model, with plane levels of
distances of 0.25 mm.

(b) Texturized 3D piece.
(c) Micro images and local
edges.

Fig. 3: Depth estimation experimental setup.

Table 1: Metric distance in mm (and estimation difference for the
experimental value of 0.25mm) for the DE by the proposed and
Raytrix algorithms.

Step Size
Estimation

Proposed Raytrix [2]

ΔAB 0.274 (0.024) 0.325 (0.075)
ΔBC 0.248 (0.002) 0.242 (0.008)
ΔCD 0.249 (0.001) 0.191 (0.059)
ΔDE 0.284 (0.034) 0.168 (0.082)

Average 0.264 (0.015) 0.232 (0.056)

0.250 mm are presented in Table 1.
Table 1 evidences the improved depth estimations of the pro-

posed method relatively to the Raytrix software. On average, the
obtained error is around 0.015 mm, compared to 0.056 mm of the
Raytrix method, thus a reduction of 73% in the absolute error. Fur-
thermore, the proposed method presents higher invariance through-
out the depth range, which suggests the validity of LPQ to defocus
insensitive DE. It should be noted, however, that a detailed error
analysis was not performed as the uncertainty of depth estimations
varies with respect to the local image contrast and this relation was
not possible to derive. For the best of the authors knowledge, no
publicly available datasets of both ground truth depth maps and met-
ric calibration parameters (including the distance between the MLA
and sensor) exist. Hence, the presented experiment focused on the
comparison with the Raytrix proprietary-software, since all the nec-
essary information for the geometric triangulation is available.

5. CONCLUSIONS

This paper proposes a DE algorithm for multi-focus plenoptic im-
ages that simultaneously addresses the problems of sensitivity to
defocus-blur and variable triangulation baseline over the depth of
field. By adaptively switching between intensity and LPQ domains,
the proposed matching framework offers robustness to blur. Fur-
thermore, by embedding LPQ in the matching framework, it finds
correspondences between neighbouring micro images of varying fo-
cal length, with high impact on the generalization of the algorithm,
regardless the range of disparities of the input lenslet image. The
proposed method proves to be superior to the commercially avail-
able Raytrix algorithm, reducing the DE absolute error from 0.056
mm to 0.015 mm and reveals improved invariance across the depth
range. In the future it is expected to further associate an uncertain-
ity map to support subsequent post-processing steps such as filtering
and depth inpainting.
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quantization for blur-insensitive dynamic texture classifica-
tion,” in Image Analysis, A. Heyden and F. Kahl, Eds., Berlin,
Heidelberg, 2011, pp. 360–369, Springer.

[12] Y. Xiao, Z.-G. Cao, L. Wang, and T. Li, “Local phase quan-
tization plus: A principled method for embedding local phase
quantization into fisher vector for blurred image recognition,”
Information Sciences, vol. 420, pp. 77–95, December 2017.
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