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ABSTRACT

Virtual reality (VR) immerses users in digital environments and is used in various applications. VR content is created using either
computer-generated or conventional imaging. However, conventional imaging captures only 2D spatial information, which limits
the realism of VR content. Advanced technologies like light field (LF) imaging can overcome this limitation by capturing both
2D spatial and 2D angular information in 4D LF images. This paper proposes a depth reconstruction model through LF imaging
to aid in creating realistic VR content. Comprehensive calibrations are performed, including adjustments for camera parameters,
depth calibration, and field of view (FOV) estimation. Aberration corrections, like distortion and vignetting effect correction, are
conducted to enhance the quality of the reconstruction. To achieve realistic scene reconstruction, experiments were conducted by
setting up a scenario with multiple objects positioned at three different depths. Quality assessments were carried out to evaluate
the reconstruction quality across these varying depths. The results demonstrate that depth reconstruction quality improves with
the proposed method. It also indicates that the model reduces LF image size and processing time. The depth images reconstructed
by the proposed model have the potential to generate realistic VR content and can also facilitate the integration of refocusing
capabilities within VR environments.

1 | Introduction tional photography methods such as 360° or omnidirectional

video [15]. Computer-generated VR content offers navigation

The surge in the popularity of VR and its extensive applications
across various domains, including education [1, 2] and indus-
tries such as manufacturing [3, 4], mining [5], entertainment
[6], healthcare [7, 8], and training, [9, 10] has heightened the
demand for high-quality VR content that provides comfort-
able and immersive experiences. The virtual environment can
either be computer-generated or photorealistic. Presently, VR
content is predominantly created by computer-generated [11,
12] or photographic [13, 14] content acquired through tradi-

and interactivity capabilities but lacks photorealism. Conversely,
traditional photography-based photorealistic VR content, derived
from conventional photographic sources, can only be viewed from
afixed position, allowing the user only to rotate their head within
the VR scene, while lacking depth perception due to insufficient
captured data of the realistic scene.

For a realistic VR experience, perceiving depth in VR content is
important. Integrating depth perception in the form of refocusing

Abbreviations: 3D, Three-dimensional; DOF, Degrees of freedom; BIQA, Blind image quality assessment; FOV, Field of view; FRIQA, Full-reference image quality assessment; GPU, Graphics
processing unit; HMD, Head-mounted display; LF, Light field; LFC, Light field camera; LFI, Light field image; LM, Layered meshes; LoV, Laplacian of variance; MLA, Microlens array; MPI, Multi-plane

image; MSI, Multi-sphere images; ROI, Region of interest; VR, Virtual reality.
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ability in VR content allows users to adjust their focus and
refocus on different objects at different depths within the VR
scene to replicate the human vision system effectively [16].
The refocusing ability is absent in the current photorealistic
VR content [17, 18], which restricts the realism of VR content,
deviating from the natural visual capabilities encountered in real-
life scenarios [19, 20]. Consequently, the integration of refocusing
capabilities becomes essential for providing a real-life experience
[20, 21]. Achieving a lifelike VR experience necessitates imaging
technology that can capture additional information along with
spatial information of the real-world scene [22]. That additional
information can be used for realistic scene reconstruction to
create VR content to facilitate enhanced interaction, including
refocusing capabilities.

LF imaging simultaneously captures 2D spatial information of
a real-world scene along with the 2D angular information in a
4D LFI [23]. In contrast, conventional imaging systems capture
only the intensities of light rays, which provide only spatial
information in the form of 2D images [24]. The LF imaging to
acquire additional directional information has garnered signifi-
cant attention from researchers, leading to its utilization across
different applications, ranging from entertainment [18, 25] and
computer vision [26, 27] to industrial contexts [28, 29]. In the
context of VR, LF imaging techniques offer advantages over
traditional photography due to the inclusion of this additional
directional information [30, 31]. This additional information aids
in reconstructing scenes at various depths, which can provide a
refocusing ability in VR content creation, resulting in enhanced
VR content with novel interaction ability.

LF acquisition can be achieved through various methods such
as camera array-based LF [32] and MLA-based LFC [33]. In the
camera array-based approach, multiple cameras or image sensors
[32, 34, 35] are used to capture LFIs. Camera array-based systems
yield high spatial resolution images by utilizing multiple cameras
or image sensors for spatial information acquisition. However,
they offer limited angular information due to the limited number
of cameras or image sensors in the acquisition setup. Conversely,
the MLA-based LFC incorporates an MLA between the main lens
and the image sensor, which captures directional information.
MLA-based LFCs provide lower spatial resolution because only
one image sensor is used in the acquisition. However, they
offer superior resolution for angular information due to the
MLA. The trade-off between angular information and spatial
resolution in LF acquisition affects the reconstruction quality,
as reconstruction always benefits from both high angular and
spatial information. In the context of VR content creation, higher
angular information aids in accurate depth reconstruction, while
high spatial information helps in providing good-quality images
for a better understanding of the scene.

Several studies have explored the application of LF imaging
technology in the creation of VR content. For instance, Milliron
et al. [36] introduced the lytro immerge system to capture LF
data and reconstruct it for VR with six DoF. They utilized a
large camera array for LF acquisition. Yu et al. [30] presented
the Plex VR, which employs two types of camera systems to
capture inward and outward LF. For outward acquisition, the
DPCA system was used, which is composed of 140 cameras (80
static and 60 dynamic) capable of capturing LFIs of human-

sized objects at 60 frames per second. Subsequently, a dome
was created to acquire the static objects’ geometry and surface
reflections. Overbeck et al. [17] proposed a VR system based
on LF imaging technology and addressed the challenges, such
as LF acquisition, compression, and associated quality. They
employ per-view geometry and a disk-based blending field for
reconstruction. The system was limited to still photography and
produces ghost artifacts in dynamic scenes. Broxton et al. [18]
introduced an immersive LF video system utilizing a camera
array of 47, mounted on a 92 cm diameter hemisphere [37]. A
DeepView interpolation algorithm [38] was used to replace the
MPI and represent the scene with MSI. The MSI layers are further
reduced to a fixed number of red, green, and blue (RGB) and
depth layers without losing the visual quality. The resultant data
is then compressed using texture aliasing and video compression
techniques for rendering in VR. However, some parts of the
reconstructed content [18] show ghosting artefacts, such as DOG
[18], where the front area of the wire gauze looks blurred,
such as GOATS [18], where ghosting artifacts occur on moving
heads around the scene. Debevec et al. [39] proposed a system
based on traditional cameras to capture LF for VR. This system
employs a single Canon 5D Mark III DSLR camera with an 8 mm
fisheye lens and a motorised pan/tilt head, achieving a 75 Hz
frame rate. However, capturing images from different camera
positions through a rotational mechanism is time-consuming and
unsuitable for dynamic scenes due to the slow process, leading to
motion artefacts if objects or lighting change.

Additionally, the system requires precise and complex motorized
control, where any failure can compromise the accuracy and
quality of the reconstruction. Although the above studies have
achieved motion parallax in the form of 6DOF, they lack refo-
cusing ability, which is important to provide depth perception in
VR content [30]. Moreover, photorealistic VR content creation is
based on camera array-based systems, which require a complex
setup and calibration. Also, heavy data generation makes them
computationally expensive. Additionally, camera array-based sys-
tems suffer from limited angular information due to the restricted
number of image sensors.

Various studies also utilized point cloud reconstruction [40-
42] for scene or object reconstruction. These methods typi-
cally involve the use of MLA-based cameras to capture LF
data, followed by the generation of depth maps from central
images. Subsequently, these depth maps are enhanced, and point
clouds are generated from the data to reconstruct the scene
or object. However, the reconstructed scenes do not meet the
standards required for VR content (which demands high-quality
reconstruction that accurately replicates realistic scenes). Point
cloud-based reconstruction often suffers from poor quality [42].

Deep learning (DL) approaches are also employed in various
applications, including depth reconstruction [43-47] and novel
view synthesis [6]. These studies possess the potential to con-
tribute to leveraging the advantages of LF imaging for VR content
creation. However, these methods present several challenges.
For instance, up-sampling angular dimensions by creating novel
views [48] prior to depth reconstruction, can result in ghosting
artifacts [49], leading to compromised accuracy and visual quality
of the reconstructed images. Furthermore, DL models require
extensive training on large-scale datasets, which may not always
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be readily accessible for LF imaging. Additionally, these models
demand substantial computational resources, rendering them
impractical for real-time applications or resource-constrained
environments. Notably, most of the DL methods for VR content
creation are based on camera array-based LF acquisition systems,
which encounter difficulties in reconstructing occluded regions
due to their limited angular views.

To achieve high-quality VR content, it is crucial that the content
is sufficiently realistic to be believable and possesses interactive
capabilities, such as refocusing. Without these features, the VR
experience may seem artificial and fail to deliver the desired level
of realism and interactivity. Furthermore, significant calibrations
are required to calculate the LFC intrinsic and extrinsic param-
eters and depth parameters for realistic scene reconstruction. To
create a wider view of VR content creation, it is also important to
calculate the camera’s field of view (FOV) because the FOV of the
Ilum LFC is unknown under different focal lengths and depth
settings.

This study proposes a model to reconstruct realistic objects under
different depths based on LF imaging for VR content creation.
To accurately implement the proposed model, several challenges
related to LF imaging are investigated to reconstruct a realistic
scene under different depths. For example,

* One of the challenges is vignetting effects, where certain
angular images appear dark or with very low intensity. If the
vignetting effects are associated with the images, it degrades
the overall reconstruction quality and introduces visible
artefacts and inconsistencies. This disrupts an immersive
experience and reduces user engagement in VR. To address
this, a vignetting correction technique is introduced.

* Another challenge is LF calibration, which is essential for
estimating camera parameters, such as intrinsic and extrinsic
parameters along with camera key parameters. To generate
VR content, calibrating the camera’s FOV is crucial, as it can
be used to provide a wider FOV in the VR environment.

* The LF imaging system usually exhibits distortion, which
can alter the size and shape of objects. This impacts the
reconstruction quality. In a VR environment, such distortions
disrupt realism and immersion, resulting in a less convincing
and potentially uncomfortable user experience. To mitigate
this issue, a distortion correction technique is also introduced
to improve the depth reconstruction quality.

* Large data generated by LF imaging creates difficulty in
managing and processing effectively. The proposed model
mitigates this issue but also reduces the LFI size without
sacrificing the original image quality. The proposed model
is also optimized by minimizing dependencies, such as
eliminating reliance on the pre-calibrated depth curve. The
overall optimization reduces the size and processing time,
contributing to more efficient and practical implementation
in VR environments.

Additionally, an experimental scenario is established using var-
ious realistic objects at different depths and FOVs to evaluate
the proposed depth reconstruction model. Assessment criteria,
including BIQA and FRIQA, are used to measure the quality

of the reconstruction. The depth-reconstructed images are then
combined according to the capture sequence and transformed
into VR content using the Unity game engine. The proposed
model is discussed in detail, and the results obtained from this
study are presented and analysed.

Existing literature indicates that depth perception has the poten-
tial to enhance immersion [50-52] and reduce motion sickness
[51, 53] in VR content. However, it is important to acknowledge
that this study primarily focuses on the technical aspects of the
proposed depth reconstruction model. The current work does
not include experimental evaluations of user experiences, such
as perceived immersion or motion sickness. As ongoing research,
user experience assessment will be evaluated in the subsequent
phase. This may involve deploying the reconstructed realistic
scenes in practical VR applications such as virtual museum
environments and conducting thorough user feedback to assess
immersion levels and motion sickness effects.

2 | Methodology

Figure 1 presents the technical strategy of the proposed methodol-
ogy for depth reconstruction which comprises: (1) LF acquisition
and the decoding process involves pre-processing LF data, includ-
ing transforming the initially captured 2D raw data into a 4D
format; (2) Depth reconstruction utilizing the decoded 4D LFIs
under different depths and FOVs; and (3) VR translation i.e.,
translating the depth-reconstructed scene into VR content.

2.1 | LFImaging

LF imaging captures information of a 3D realistic scene simulta-
neously in the form of a 4D LFI (i.e., 2D angular and 2D spatial)
[54, 55]. Initially, the captured LFI of the 3D scene exists in a 2D
raw-format which can then be decoded to extract 4D information
in the form of 4D LFI. In LFC, to capture the 2D angular
information, the MLA samples the light rays before striking the
image sensor. In conventional imaging, the light rays strike the
image sensor after passing the main lens, and only capture spatial
information of the light rays [56]. The difference between LF
imaging and conventional imaging is shown in Figure 2.

LF can be represented by the 4D plenoptic function L(u, v, s, t)
[54], where (u, v) represents the directional resolution and (s, t)
represents 2D spatial resolution. A two-plane parameterization
(TPP) method [57, 58] is used to characterize the LF in the form
of 4D. In TPP, the light rays traverse between two parallel planes
such as the aperture and the image planes [59]. The light rays
originating from the scene initially intersect the (u,v) plane
before striking the (s, t) plane. Levoy et al. [54] explained that
any point on the sensor plane (s, t) receives light from multiple
rays passing through various points on the aperture plane (u, v).
The intensity at any given point (s,¢) on the sensor plane is
determined by the cumulative effect of all these rays. This can be
mathematically expressed as:

E; (x,9) =%2 // LF (u,v,5,0) A (u, v)cos*6dudv (1)
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FIGURE 2 | Illustrates the difference between the (a) LFC equipped with a MLA; and (b) conventional camera.

where E (x,y) represents the intensity at a point (s, ) on the
sensor plane, f represents the separation between the aperture
and the sensor planes. LF represents the ray traveling from the
position (u, v) to (s, t). A(u, v) denotes the aperture and 6 presents
the incident ray angle. The term cos* 6 accounts for the natural
vignetting effect of light rays [60]. To simplify Equation (1),
assuming that A (u, v) = 1 by considering E(x, y) as zero outside
the aperture and neglecting the natural vignetting effect, can be
written as

E; (x,y) = fiz //LF(u,v,s, t) dudv )

2.1.1 | LF Decoding

Figure 3 shows an example of a raw LFI and its microimage
under each microlens [Figure 3(b)]. Once the raw-LFI is acquired,
the raw LFIs need to be decoded to convert the 2D images
into 4D LFIs. The decoding process interprets the information
encoded by light rays on the image sensor in the form of 4D
LF data LF(u,v,s,t). The TPP can be used to parameterize
the light rays that emerge from the 3D scene in the form
of 4D information (u,v,s,t). The block diagram of the LF
decoding process is shown in Figure 3(d). Before initiating the
decoding process, the grid parameters including the horizontal,
vertical, and rotational offsets are determined. To determine
these parameters, the centers of microimages can be identified
by using a white image, as shown in Figure 3(c). Where the

brightest spot in each microimage approximates its center. The
LF decoding process starts with demosaicing the raw LFI and
then correcting the vignetting by dividing the white image,
typically captured through a diffuser or from a white scene. In
the raw LFI, the microimages are non-integer positioned and
rotated relative to the pixel grid. To align the microimages, all of
microimages are then resampled, rotated and scaled so that their
centers align with the centers of the pixels. However, uniform
scaling is not achievable due to the hexagonal structure of the
microlens array (MLA) [61], where the microlenses are arranged
in a honeycomb pattern. This arrangement results in unequal
vertical and horizontal spacing. Converting this hexagonal grid
into a square grid requires proper alignment of the vertical and
horizontal axes. When scaling is non-uniform, the resulting grid
becomes rectangular rather than square. Subsequently, the LFI
image is sliced into identical segments to convert the 2D LFI into a
4D representation. A 1D interpolation is then performed along the
spatial axis to de-hex the sampled LFI. Another 1D interpolation
is performed along the angular axis to correct the rectangular
pixels in each microimage to make them square. More detailed
information about the decoding model can be found in [61].

21.2 | LF Refocusing

LF refocusing enables depth reconstruction [62] of realistic
scenes under different depths. The refocusing can be achieved by
capturing the angular information of light rays and facilitating the
virtual adjustment of the focal plane [63]. The Ray Space model
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(as shown in Figure 4) provides the mathematical parameteriza-
tion of light rays for LF refocusing by incorporating the aperture
(u,v) and the image planes (s, t) [44]. Since all potential focus
planes are parallel, the new focus plane f’ (i.e., refocused image
plane) can be computed by multiplying the refocusing parameter
a with the existing image plane (sensor plane), which is located at
adistance f from the aperture plane. Thus, the new focus plane f’
becomes f’ = af. By rearranging Equation (2), the LF refocusing
can be obtained through:

Ef' (x,y)= }% //LF (u+¥,v+[_7v,u,v> dudv (3)

where Ef'(x, y) represents the refocused LFI in which the entire
LFI is shifted by a factor of the refocusing parameter a.

2.2 | Depth Reconstruction Model

The proposed depth reconstruction model involves (a) aberration
correction; (b) sub-aperture image extraction; and (c) depth
reconstruction. Before performing the sub-aperture image extrac-
tion, it is crucial to correct the decoded LF 4D image to resolve
aberrations such as distortion and vignetting effects. The detailed
description of the depth reconstruction model is discussed below.

2.2.1 | Aberration Correction

The decoded LFI often contains aberrations such as distortion
and vignetting effects, primarily caused by the arrangement of
lenses and the sensor. One pertains to the distortion, whereby
objects depicted in images appear slightly distorted. The other
aberration is the vignetting effect, which impacts the sub-aperture
images generated from the edge pixels of microimages. These
aberrations affect the depth reconstruction quality and often
create visual inaccuracies that can disrupt the realism of the VR
content. Also, it leads to a less convincing and uncomfortable
VR experience and reduces the overall effectiveness of the VR
application. A distortion correction algorithm is utilized to rectify
the distortions present in LFIs before they are used for the depth
reconstruction process. Second-order radial distortion is applied
based on the lens distortion model [64] and is defined as:

Sq = 81+ kyr? + kor®)

ty = t,a(1 + kyr? + kyr®) 4

where the s; and t; represent the distorted image coordinates
that are formed by the projection of real-world points. The s,4
and ¢, represent the undistorted image coordinates and k1, k, are
the radial distortion coefficients. r is the radial distance, where

r? = \/ (sq4 — sc)2 +(ty — tc)2 and s, t, are the center of distortion
[65].

After rearranging Equation (4), the distortion correction can be
defined as:

S, = Sa
YT+ kyr? + kyrt)

Ly

. 5
1 + kyr2 + kyr?) ®)

tud

The vignetting effect is a common issue in LF imaging, where
certain sub-aperture images appear darker or of lower intensity.
In this study, a vignetting correction method is introduced for the
LFC, which involves neglecting the sub-aperture images at the
edges using Equation (6). This neglecting process removes the
sub-aperture images which are in the first row and first column
(where u and v = 1) the last row, and last column (where u and
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sub-aperture images.

v = 15), where most of the sub-aperture images are affected by
vignetting, as shown in Figure 5(b). After neglecting the sub-
aperture images at corners, there were still four sub-aperture
images (sub-aperture at each corner can be seen in Figure 9(h))
that appeared with low intensity, which is corrected using a haze
removal technique [66].

1 14 ,14
Efo (x,y)= ]Tz /u=2 /U=2 LF (u,v,s,t)dudv (6)

where E ) (x,y) represents the corrected LFI and u and v are
the indices of the sub-aperture image.

2.2.2 | Sub-Aperture Images Extraction

Once the decoded LFIs are corrected, the sub-aperture images
(also known as sub-aperture views) are extracted by:

I(u,v) (xvy) =LF (u5 v,s, t) (7)

I, )(x, y) is the sub-aperture image which is formed by collecting
all the rays passing through the u'* and v'* position of each
microlens. Figure 5 illustrates the process of sub-aperture image
formation and an example of original and corrected sub-aperture
images. Initially, the u and v of LFI are u € {u|l <u <15} and
v € {v|1 < v < 15}. Thus, a total of 15 X 15 rays can pass through
each microlens to form a microimage on the sensor, which has a
resolution of 15 x15 pixels, as illustrated in Figure 5(a). Each pixel
in the microimage represents a ray arriving from different angles.
Each sub-aperture image is generated by integrating the pixels
from each microimage, corresponding to light rays arriving from
the same direction, forming a new image array using Equation (7).
The resolution of each sub-aperture image corresponds to the
number of microlenses in the MLA [67], while the number
of sub-aperture images is equivalent to the number of pixels
in each microimage [67]. These sub-aperture images provide
views of the same scene from slightly different perspectives. The
original extracted sub-aperture images possess distortion due to
the main lens. The distortion correction discussed in Section 2.2.1
is applied to all sub-aperture images to correct the distortion.
After correction, the sub-aperture images are reduced to 13x13,
as shown in Figure 5(c).

2.23 | Depth Reconstruction

In the depth reconstruction process, the corrected sub-aperture
images are utilized to generate multiple depth images from
a single exposure of LFC. During depth reconstruction, the
extracted sub-aperture images are shifted to the desired depth
plane and then summed together. This results in the depth
reconstructed image of the desired depth plane. In this depth-
reconstructed image, the objects placed at the desired depth plane
can be focused, and others will be blurred. The technique of depth
reconstruction is referred to as the shift-sum method, and it can
be expressed by:

n

1Y) = Y Ty (%) ®)
1 v=1

Where I, ,)(x,y) represents the sub-aperture image. The n and
m represent the total sub-aperture images extracted from the
corrected LFL. In this study n x m = 13 x 13. I(x, y) signifies the
depth-reconstructed image corresponding to the depth plane at
which the LFI was originally captured. However, to refocus the
LFI at a specific depth plane, it is necessary to shift the sub-
aperture images, as illustrated in the ray space model [Figure 4].
When the MLA is positioned x, from the main lens, only
the object located z, will be focused, as illustrated in Figure 6.
Here, z represents the distance between depth 2 and the camera
lens, also referred to as the refocusing distance. As discussed in
Section 2.1.2, the focus of the LFI can be altered, and objects can be
reconstructed at different depths by virtually adjusting the sensor
position by using Equation (3). To reconstruct the depth image
at the desired depth plane, Equation (8) can be reformulated
as [55]:

n

EROEDIDIWAERD! ©
u=1 v=1

Where I (x,y;a) represents the depth-reconstructed image at
the desired depth plane, and « is the refocusing parameter. For
example, an object placed at depth 2 in the scene is at a distance z
from the camera lens, and the same object x represents the focal
plane at which it is in focus. Based on the refocusing principle, as
shown in Figure 4, the refocusing parameter « can be estimated
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FIGURE 6 | Illustration of LF depth reconstruction, the captured LFI which is initially focused at the depth distance of z,, can be virtually refocused
to reconstruct the depth image at a distance of z by adjusting the image plane using the refocusing parameter (o).

for the object at depth 2 as:
(10)

Where a =x/x, and when o =0, the refocusing distance
remains the same as the original distance, z = z, implying that
no refocusing occurs. Moreover, it is evident from Equations (9)
and (10), that the refocusing distance z is contingent upon the
value of a, where « > 0,z > z, and a < 0, z < z,. To reconstruct
the specific depth image within a realistic 3D scene, it is crucial
to determine the optimal value a for that specific depth. The
a value can then be utilized in Equation (9) to reconstruct the
depth image focused on the desired depth plane. To estimate
the a value for a depth image that is refocused at a specific
object in the scene, focal stack images can be generated using
Equation (9). In this study, the focal stack images are generated in
arange of « = [-2 : 0.21 : 2]. The range is considered arbitrary,
and Equation (11) computes the a value of the focused object for a
specific depth plane. The focal stack images comprise a series of
depth images.

Consider a scenario where three objects in the scene are placed
at different depth levels. The ROI, ; is selected subsequently from
each object in the scene. A greedy search method is used to find
the optimal value a; that reconstructs the refocused image ROI,
with maximum focus T; ;:

a; =argmax, T;; (a) (11)

where i represents the index of the image in the focal stack and
J represents the index of the object. Once the «; is obtained, it
can be employed in Equation (9) to reconstruct the depth image
with the j** object refocused. To estimate the focus quality, the
Tenengrad function [68], is used which is defined as:

Xy
r=y L Xior 12)

Where T, ; represents the sharpness of the depth-reconstructed
image at the ROI, N represents the number of pixels in the ROI
and G represents the magnitude of the ROI ;

Additionally, the a; can be utilized to reconstruct the objects,
wherein the objects are positioned at the refocusing distance
z;. The refocusing distance z; corresponds to the distance of
an object in the 3D scene from the camera’s main lens. This
distance can either be measured physically or obtained through
a calibration technique [56]. Additionally, the «; can be utilized
to reconstruct the objects, wherein the objects are positioned at

the refocusing distance z;.

2.2.4 | Multi-View Integration

In VR, it is important to generate the content from a wider FOV,
which can provide flexibility to the user in navigating a wide
area. Additionally, it can enhance the VR user experience. In this
study, to generate the content with a wider FOV, three angular
views of the scene are captured by rotating the camera to the
left and right from a straight direction, as discussed in Section 4.
These three FOVs are determined based on the calibration. The
depth images are reconstructed from each angular view. The
reconstructed depth images are then combined based on the
sequence of captured images for VR translation. The combination
is performed in such a way that each depth of all three views
provides a wider FOV, thus enabling the ability to refocus
on different depth levels within the VR scene. The detailed
procedure is discussed in Section 4.

2.3 | Quality Assessment

Two types of quality assessment methods are used to evaluate
the reconstruction quality and of the proposed model. These are
BIQA and FRIQA [69], and are described as follows:
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23.1 | BIQA

The BIQA assesses the reconstruction quality without the ref-
erence [70]. The BIQA relies on focus estimation (in terms of
sharpness and intensity) and incorporates four metrics, such as
Tenengrad (T) [68], LoV (&) [71], Gradient magnitude (G) [72]
[these three measure the sharpness of the refocused object],
and grey level pixel intensity (In) [measures the intensity of
the refocused object]. These metrics are utilized to evaluate the
quality of the refocused object within the reconstructed depth
image and are compared with the original, uncorrected, and
corrected LFIs. For each reconstructed depth image, the ROI
corresponding to each target object (refocused) is extracted, and
each metric is applied to the respective ROI. Once the four
metric values are computed, Equation (13) is used to calculate the
difference between the metric’s values obtained from the original,
corrected, and uncorrected LFIs. A positive Dif f indicates an
improvement, whereas a negative Dif f indicates a degradation
of reconstruction quality.

M, M, -M,,
lef (%) _ corr_value / Zz:;corr)alue orig_value % 100 (13)

orig_value

Where M, vatue /Muncorr value represents the BIQA metric value
estimated from the depth image reconstructed using corrected
or uncorrected LFI, respectively. M,,;, 41 r€presents the BIQA
metric value estimated from the depth image reconstructed using
the original LFI.

232 | FRIQA

The FRIQA uses a peak signal-to-noise ratio (PSNR) [73] and
a structural similarity index (SSIM) [74] to evaluate the quality
of depth-reconstructed images [75]. These metrics are used to
compare the performance of the proposed model with frequency-
based depth reconstruction methods, such as 4D planar and 4D
hyperfan filters [76]. The ground truth is a refocused image of
a specific depth plane generated by shifting and averaging [62]
using the originally captured LFI.

3 | System Calibration

Systems calibration is a crucial part of the proposed depth recon-
struction and comprises several steps, such as camera calibration,
which estimates the intrinsic and extrinsic parameters along with
the camera’s key parameters. The depth calibration estimates the
minimum and maximum depth reconstruction range, along with
refocusing intervals, to determine the number of depth images
that can be reconstructed within the estimated depth range.
Furthermore, (a) image pixel size; (b) FOV of the camera; and (c)
angular difference between the sub-aperture images need to be
estimated through calibrations. The FOV estimation is essential,
as it helps to determine the angle at which the camera can be
rotated to cover the maximum area for VR content. The details
of each calibration process have been discussed below.

3.1 | Camera Calibration

The LFC calibration is carried out to estimate the distortion
coefficients in addition, to the intrinsic and extrinsic parameters.
For calibration, LFIs of a 9 x 7 checkerboard pattern were
captured using a Lytro Illum camera within the depth range of
20 to 80 cm, with an interval of 1 cm. Figure 7 shows the block
diagram of the overall camera calibration process. In the proposed
depth reconstruction model, sub-aperture images have been used
for depth reconstruction. Therefore, the central sub-aperture
image has been utilized to obtain the calibration parameters.
The central sub-aperture image is generated from the actual
projection centers of the MLA. The traditional camera calibration
approach applies to LF cameras because the central sub-aperture
image can be treated as a conventional 2D image, captured
through a reduced aperture [33, 55], similar to a traditional
camera image. A pinhole camera model has been employed to
establish the relationship between real-world 3D points and their
projections onto the image sensor. Since the aperture does not
affect the parameters of the pinhole projection model [55], a
traditional camera calibration method [77] is applied to estimate
the intrinsic and extrinsic matrix and distortion parameters of
the main lens. This approach is widely adopted for calibrating LF
cameras [55, 56, 78], ensuring accurate estimation of projection
matrices.

The calibration is performed in two steps, based on Ref. [77].
The first step of transformation from the world coordinate
systems P = [x%, y¥, zw]T to the camera coordinate systems X¢ =
[x¢,y°, z“]T is shown in Equation (14).

x¢ x*
yc _ R3><3 T73><1 yw (14)
z O 1 z*
1¢ v

where R € R®® is the rotation matrix that represents the
orientation of the object in radians, and T, € R¥? is the
translation matrix that represents the position of the object
in millimeters (mm). In the second step, the camera coor-
dinates }1{5 are transformed into image coordinates S, where
S=s,t]:

s fx 0 ¢ Of[*

yC
tl=]10 f, ¢ O i (15)
@ 1o o 1 ofl|

where the f, and f, represent the focal length of the camera
in terms of pixel dimensions [59] in the x and y directions.
The ¢, and c, represent the principal point or optical cen-
ter coordinates, where the ray pierces the image plane. By
simplifying the Equations (14) and (15), the transformation
from world coordinates point P to image coordinates point
S can be written as (also known as the pinhole projection
model):

wlS,1]" = KM[P,1]" (16)
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FIGURE 7 | Overview of the camera calibration process (a) example of LFIs under different depths; (b) raw LFT; (c) sub-aperture images; (d) central
sub-aperture image; (e) estimation of camera parameters; and (f) obtaining distortion coefficients.

TABLE 1 | Intrinsic and extrinsic parameters of the camera calibration.

fx’ fy
c, (Pixels) (pixels) k,, k, (pixels) R (rad) T,(mm)
0.949 0.0081 —0.315
322.77, 228.75 1126.3, 1122.6 —0.34, 0.64 0.007 0.999 0.027 [ —55.67 —102.21 835.68 ]

0.315 -0.026 0.948

where w is the constant, K is intrinsic and M is the extrinsic matrix
and is defined as

fX O CX

K=|l0 f, ¢
0O 0 1 ] a7)

M= R3><3 T3X1

Ops 1 |

Fin Tz I3 ty
whereR = |ry rpn 3| and T, = [ty] are the rotation and transla-
l

31 T3 33
tion matrices that belong to the extrinsic matrix M. It represents

the position of the object in the world coordinate system. The
matrix K provides the intrinsic parameters of the camera. In
this study, Brown’s distortion model [79] is used to estimate the
distortion coefficients k; and k, to correct the distortion effect.
Table 1 presents the intrinsic and extrinsic parameters obtained
through camera calibration.

In addition, the key unknown parameters such as Ly, D, and f,,
are also obtained through calibration using Equations (18)-(22).
The overview of the known (f,, z, D,, and L,,) and unknown
parameters are shown in Table 2. The distance between the main
lens and MLA, L, can be calculated as follows [80]:

1 1 1
_— ==+ — 18)
fu z Ly
fy-z
Ly = 19)
M z— fu
The diameter of the main lens D,, can be calculated as [82]:
D,
Dy =—+— (Ly +L,) (20)
Ly

The f-number of the microlens F,,; 4 is defined as the focal length
of the microlens f,, divided by the diameter of the microlens D,,

TABLE 2 | Overview of the key LFC parameters.

Description Symbol Values Unit
Focal length of the main fu 18.80 mm
lens
The diameter of the Dy, 8.20 mm
main lens
Distance between the z 835.68 mm
camera and object
Distance between the Ly 19.24 mm
main lens and MLA
Distance between the L, 0.047 mm
MLA and image sensor
[64]
The diameter of the D, 0.20 mm
microlens [81]
Number of pixels N, 15x15 Pixels
covered by each
microlens
Number of microlenses Ny 625 X 434
[83]:
Jm
Frpa= = (21)
MLA = P

By simplifying Equation (21), f,, can be calculated as:

fm =Fyra - D (22)

The Lytro Illum has a constant f-number which is F,;; ,= 2 [84].
Note that, the f-numbers of the microlens and the main lens
are equal as stated in [33]. If the f-number of the main lens is
higher, cropping occurs, resulting in many pixels being black and
a consequent waste of resolution. Conversely, if the f-number
of the main lens is lower, overlapping occurs between images
formed under each microlens.
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FIGURE 8 | Illustration of the measuring points utilized for the
calculation of the radial distortion coefficient.

3.2 | Aberration Correction

In this study, the LF Lytro Illum camera utilized exhibits two
aberrations. One pertains to distortion, whereby objects within
images appear slightly distorted. The other aberration is the
vignetting effect, which affects the sub-aperture images generated
from the corners and the pixels that are located at the edge
of microimages. These aberrations reduce the quality of depth
reconstruction.

3.2.1 | Distortion Correction

A checkerboard is used to correct and assess the distortion
between the coordinates of the distorted and undistorted images.
The checkerboard images are captured at a depth of 30 cm from
the camera. A total of nine measurement points are considered
from the checkerboard image for analysis, as shown in Figure 8.
The relative radial distortion R between the distorted and undis-
torted image is calculated for all nine measurement points by:

\/(Sd = 8ua) + (tg = La)”
R =

x 100 (23)
\/(Sc - Sud)2 + (tc - [ud)z

Table 3 illustrates the overall distortion correction between the
distorted and undistorted image at each measurement point. It
demonstrates that the distortion is higher at the edges of the
checkerboard while nearly zero at the center. It can be concluded
that objects located near the edges of the image are significantly
affected by distortion, whereas those positioned at the center have
no distortion. It is also concluded that the objects near the camera
occupy a larger portion of the image and are more likely to be
closer to the edges, where distortion is more pronounced.

TABLE 3 | Overview of the distortion correction at each measuring

point.

Measurement Distorted Undistorted Correction:

points (pixels) (pixels) R (%)

1 169.79 171.01 0.71

2 95.91 96.09 0.18

3 66.77 66.82 0.14

4 163.64 164.80 0.70

5 72.71 72.82 0.14

6 51.92 51.97 0.08

7 206.06 208.42 1.13

8 153.15 154.11 0.62

9 137.41 138.14 0.53
TABLE 4 | Comparative assessment of the vignetting correction
method.

LFIs Refocused object (hippo)

Original and T/G/8/In(%)1.69/2.47/

corrected 1.32/0.94

Original and —3.83/-2.26 / —7.11/ —-1.99

uncorrected

Corrected and 525/4.84/9.08/3

uncorrected

3.2.2 | Vignetting Correction

To address the vignetting effect, an image of a realistic scene was
captured [Figure 9(a)] using the same LFC, and each microimage
has a resolution of 15 x 15 [Figure 9(c)]. Figure 9(b) presents
an enlarged view of the ROI from Figure 9(a), highlighting the
presence of black or low intensity pixels caused by the vignetting
effect, resulting in some sub-aperture images with black or low
intensity as illustrated in Figure 9(d). Equation (6) is used to
exclude the dark or low-intensity pixels from the captured LFL
Figure 9(e) shows the obtained uncorrected LFI image, where the
resolution of each microimage is reduced to 13 x 13[Figure 9(g)],
from which a total of 13 x 13 sub-aperture images are extracted
[Figure 9(h)]. It can be seen in Figure 9(f and h) that the
uncorrected LFI still possesses vignetting. Further reduction of
the LFI was avoided, as this could harm the quality of depth
reconstruction. The corner sub-aperture images [Figure 9(h)] are
corrected using the haze removal technique [66], and the results
can be seen in Figure 9(i), (j), (k) and (1), which presents the
corrected LFI, enlarged view of the ROI, the microimage of the
corrected LFI and sub-aperture images extracted from corrected
LFI, respectively. Figure 9(1) demonstrates the corrected LFI.

For comparative study, the original, uncorrected and corrected
images were used to reconstruct depth images of the object
(Hippo). The BIQA was employed to evaluate the effectiveness
of the vignetting correction method. Table 4 demonstrates the
quality of the depth reconstructed image of the object (Hippo).
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FIGURE 9 |
represent the sub-aperture images extracted from corresponding LFI.

The refocused quality is improved when the corrected LFI is used
compared to both the original and uncorrected LFIs.

3.3 | Depth Calibration

To enable refocusing on each object within the scene, it is
necessary to determine the permissible depth distance between
the objects, allowing the algorithm to refocus on each object.
Additionally, it is imperative to ascertain the maximum achiev-
able depth resolution, which allows the depth reconstruction
algorithm to refocus to the maximum depth level effectively. Con-
sequently, depth calibration is performed to ascertain the depth
resolution of the reconstruction model. This process involves
estimating the maximum refocusing depth and determining the
refocusing interval.

To estimate the refocusing intervals, multiple images of a checker-
board were captured under a depth range of 20 cm to 40 cm
with a separation of 1 cm, as illustrated in Figure 10 along with
the central sub-aperture images extracted from LFIs for each
depth level. Subsequently, Equation (11) is used to estimate the
refocusing parameter a at each depth level. Figure 11(b) shows the

Examples of vignetting correction approach, (a), (e) and (i) represent the original, uncorrected, and corrected LFI, and (d), (h), and (1)

relationship between the obtained a and T for the depth levels
of 20 cm to 40 cm with an interval of 5 cm. In Figure 11(b),
the maximum T value from the focal stack of images of each
depth identifies the a value of a focused image. Figure 11(a)
shows the relationship between the depth and the a. It reveals
that objects closer to the camera exhibit narrower depth intervals
than those farther away. For instance, objects within the depth
of 20 cm to 28 cm demonstrate a shallower depth interval in
contrast to objects between 29 cm and 40 cm. It shows that
the objects’ depth from 20 cm to 22 cm, 23 cm to 25 cm, and
26 cm to 28 cm have their distinct a values. Conversely, the
objects within the depth level of 29 cm to 40 cm also exhibit
three distinct a values and confirm that the same « can be used
within the 5 cm range from 29 cm to 33 cm, 34 cm to 38 cm,
as illustrated in Figure 11(a). It can be concluded that a total of
six depth images can be reconstructed within the depth range of
20 cm to 40 cm.

Furthermore, to validate the quality of depth reconstructed
images at different depth levels, a step-edge method [85] is applied
to calculate the slope of the depth reconstructed images under the
depth levels of 20 cm, 25 cm, 30 cm, 35 cm, and 40 cm, respectively.
Figure 12(a) represents the normalized grayscale intensity of the
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Raw LFI 20cm 25cm 30cm 35cm 40cm
FIGURE 10 | Examples of the captured LFI along with the central sub-aperture images extracted from corresponding LFIs under various depths.
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FIGURE 12 |

Step-edge-based refocus quality under different depths, (a) the normalized grayscale of the central row of each depth, where 0

represents black pixels and 1 represents white; and (b) the relationship between the depths and slope.

center row of the corresponding depth images. Figure 12(b) shows
the relationship between the depth and the slope which reveals
that the quality of depth reconstructed images decreases with
an increase in depth distance. A depth of 20 cm shows the low-
est slope value, and the slope value increases with increasing
depth. The minimum slope value represents the sharp image
while the maximum slope value represents the more blurred
image.

Itis crucial to investigate the maximum achievable depth range of
the proposed depth-reconstruction algorithm. For this purpose,
an experiment was conducted. Multiple images of a square
object containing a label with descriptive text [Figure 14 (a)]
are captured within the depth range of 20 to 40 cm with an

interval of 1 cm, asillustrated in Figure 13(a). Each captured image
is refocused by using the o values obtained through the depth
calibration. Subsequently, an ROI comprising descriptive text is
cropped from each depth reconstructed image, as demonstrated
in Figure 13(b). Equation (13) is then used on all cropped images
to evaluate the quality of refocused images (in terms of sharpness)
at each depth level. The refocused quality is degraded when the
depth increases. The maximum sharpness is observed at a depth
of 20 cm, and the text is easily readable. In contrast, at a depth of
40 cm, sharpness decreases significantly, resulting in blur, and the
descriptive text becomes unreadable, as depicted in Figure 14. It
shows that the better depth resolution of the refocused image can
be achieved at depths of 20cm to 30 cm. Beyond this depth, the
descriptive text becomes blurred significantly, and it is difficult
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FIGURE 13 | Example of the LFI along with the central sub-aperture images with descriptive text extracted from corresponding depths LFIs (a) and

(b) relationship between the refocused distances and the T values.
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FIGURE 14 | Example of (a) reference image and (b-d) depth reconstructed images under the depths of 20 cm, 30 cm and 40 cm [color is used for

visualization only].

to read the text. It is also observed that the depths of 20 cm to
22 cm show the same « value. Different sharpness can be seen for
each depth level within the range of 20 cm to 22 cm, as shown in
Figure 13(b) while using the same a value [Figure 11(a)]. This is
because the difference in the distance of the refocused object from
the camera and the reduction in the pixels of the reconstructed
depth object led to each refocused object within the same range
displaying a different sharpness value.

It is also crucial to ascertain that the objects placed within the
same depth plane exhibit consistent focus quality (sharpness).
An experiment was conducted where three objects were placed at
20 cm with a separation of 2.5 cm (horizontally). The LFC is used
to capture images. Each object is refocused individually through
the depth reconstruction process discussed in section 2.2.3 and
the corresponding a values are recorded. Figure 15(a) shows an
example of refocused images obtained at 20 cm. This process is
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FIGURE 15 | Example of the refocused image at 20 cm depth, illustrating three objects sharing the same depth plane (a) and (b) relationship between
the a and the refocused depths for three target objects.

repeated for other depths within the range of 21 cm to 40 cm.
The relationship between refocus depth and « for each object is
illustrated in Figure 15(b). It reveals that multiple objects placed at
the same depth plane have different a values and do not maintain
the same focus quality. This discrepancy arises due to variations
in the distance of each object from the center of the image sensor.
Although each object is equidistant from the camera under the
same depth plane, slight angular differences in their positions,
and changes in distances from the camera, result in different
refocus quality.

Corner,

Cornery«—

Corners*

FIGURE 16 | Tllustrates the measurement points for pixel size esti-
mation (i.e., Corners 1, 2, and 3).

3.4 | Pixel Size and FOV Calibration

Ps L, = % (24)
FOV estimation is crucial for achieving a wider FOV in VR. It can -
provide the angle information of the camera to capture multiple Ps L = Ss_L, 25)
views of the scene. Before calculating the FOV, it is necessary to Y Ss_p,

calculate the pixel size, which can be further used for the FOV
estimation. For the pixel size calculation, a checkerboard image
was used to capture the image at a depth of 40 cm from the

where Ps_L, and Ps_L, represent each pixel size in the x and
Yy directions, Ss_L, and Ss_L, represents the actual square size

camera, as shown in Figure 16. The pixel size is estimated by:

of the checkerboard in horizontal and vertical directions. In this
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TABLE 5 | Assessment of depth quality in terms of T under a
different FOV.

S (mm) FOV (°) T(a.u)
9.40 76.26 0.056
18.80 36.67 0.061
28.21 24.39 0.087

study, which is 20 mm in both directions. Ss_p, and Ss_p,
represents the size in pixels of each square of the captured
checkerboard in horizontal and vertical directions, respectively,
and they can be calculated by:

Ss_p, = Corner, — Corner,; (26)
Ss_p, = Corner; — Corner, (27)
The FOV is estimated by:
FOV = 2tan” [ & (28)
- 2z

where z represents the distance between the camera and the
object, which is estimated through the extrinsic parameters of the
camera calibration. d represents the diagonal length of the image,
which can be calculated as:

d=\VW?2+H? (29)

where W and H represent the width and height of the image,
which are calculated by:

W =Ps, XN, (30)

H=Ps,, xN, (31)

where N, and N, represent the resolution of the central sub-
aperture image in the x (width) and y-axis (height). In this study,
N, X N, is equal to 625 x434 pixels, which is the resolution of
each sub-aperture image. The resolution of each sub-aperture
image depends on the total number of microlenses [67]. By
using Equations (24), (25), and (28), the estimated pixel size in
mm is 0.41 x0.41, and the FOV is 36.67°. The angle of camera
rotation should be equal to the FOV. Thus, the camera can be
rotated to the left and right to acquire additional views of the
scene. This provides the maximum FOV for wider VR content
creation. Also, the LFC used in this study provides a variable
focal length, f),. Therefore, it is important to obtain the FOV and
focus values under the different f,,. Table 5 presents depth quality
in terms of T under the different FOVs. As shown in Table 5,
the T value increases with the increase of f,, and decreases
with the increase in FOVs. In this study, the focal length f,,=
18.80 mm is used, as it provides a better FOV compared to f,, =
28.21 mm. Although f,,= 28.21 mm provides a better focus level,
it requires capturing more views of the scene. This increases the
complexity of the VR translation process, limits the refocusing
ability for objects located at the extreme left or right positions,
and negatively impacts the VR user experience. Furthermore,
capturing additional images makes the depth reconstruction and

translation processes computationally intensive, increasing the
processing time. On the other hand, f,= 9.40 allows fewer
images to be captured to achieve a wider FOV in VR but
compromises depth reconstruction quality. Considering these
trade-offs, f),= 9.40 was chosen for LF acquisition to ensure an
optimal balance between the FOV, focus level, and computational
efficiency.

The calculated pixel size is subsequently used to determine the
size of the acquired checkerboard, which is then compared with
the actual size of the checkerboard to validate the accuracy of the
estimated pixel size. The Ps_L, and Ps_L, are used to calculate
the width and height of the checkerboard. Initially, the number
of pixels across the width and height of the checkerboard is
estimated. Subsequently, these pixel counts across width and
height are multiplied by the pixel size to calculate the checker-
board width and height. The results are presented in Table 6.
They indicate that the pixel size is accurately estimated, as the
calculated dimensions of the checkerboard closely match its
actual dimensions.

4 | Reconstruction of a Realistic Scene

To reconstruct the real objects under different depths, experi-
ments were conducted by setting up a scenario where multiple
objects were placed at different depths. Figure 17 shows the
schematic illustration of the experimental scenario and its phys-
ical setup. The proposed depth reconstruction algorithm is used
to reconstruct the object under different depths. The Lytro Illum
camera is used to capture the objects under three different views
(FOVs) by rotating the camera from a straight direction to the left
and right as shown in Figure 17(a). The rotation of the camera is
determined through FOV calibration. The camera covers 36.67°
of FOV. To capture the left (FOV 2) and right (FOV 3) views, the
camera can be rotated 36.67° to the left and right from the central
position. The central position was considered 0°. Figure 18 shows
examples of raw LFIs captured under the three FOVs.

After decoding, the raw LFIs are corrected through the aberration
correction algorithm proposed in Section 3.2. Figure 19 shows
the corrected and uncorrected LFIs. The quality of the LFIs
improved compared to the captured [Figure 18] and uncorrected
[Figure 19(a)] LFIs. The corrected LFIs were then used to recon-
struct the depth images for each object under different depths.
The depth levels of 20 cm, 25 cm, and 30 cm are considered.
The depth of 30 cm is identified as the maximum achievable
depth resolution through the calibration. Examples of depth
reconstructed images for each scene are shown in Figure 20.

The BIQA and FRIQA, as discussed in Section 2.3, are used
to evaluate the quality of the reconstructed image. For BIQA,
the depth reconstructed images of FOV 1, and for FRIQA, the
depth reconstructed images of FOV 1 and FOV 3 are used. Three
distinct objects were placed at a depth of 20 cm, 25cm, and 30 cm,
respectively, in each FOV. Figure 22 shows the a values obtained
for each refocused object under different depths for both FOV 1
and FOV 3.

Table 7 represents the overview of reconstruction quality obtained
through BIQA. It indicates that the depth-reconstructed images
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TABLE 6 | Comparison between actual and calculated sizes of checkerboard.

Ps;, xPs_L,
S (mm) (mm) Actual (mm) Calculated (mm) Relative error (%)
Hight Width Hight Width Hight Width
18.80 0.41 X 0.41 140 180 140.01 180 0.01 0
FOV1
0 e
qoi \th ° Obj3 9ﬁ|’ﬁ <
Obj8 Obj2 ou),(
N o7 | obit obj4 )
< v
\\‘\, S Depth:
BN i 30cm

Depth:
25cm
Depth:
20cm

LF camera

(a) Experimental scenario

FIGURE 17 | Schematic illustration of the experimental scenario and its physical setup.

(a) FOV 2 (b) FOV1 (c)FOV 3

FIGURE 18 | Examples of original LFIs captured under different FOVs.

FOV 2

(b) Corrected

FIGURE 19 | Examples of corrected and uncorrected LF images under different FOVs.
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FIGURE 20 |

(c) 30cm

Examples of reconstructed images under different FOVs and depth levels.

Shift-Sum - 4D Hyperfan Filter 4D Planar Filter Proposed

FIGURE 21 |
proposed model.

Reconstructed images under different depths for FOV 1 achieved through Shift-sum, 4D hyperfan filter, 4D planar filter, and the
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TABLE 7 | Overview of reconstruction quality achieved using tenengrad T, gradient magnitude G, LOV §, and intensity In at FOV 1.

Obj 1 (lion) Obj 2 (rhino) Obj 3 (brown bear)
LF images T/G/&/In (%) T/G/&/In (%) T/G/8/In (%)
Original and corrected 0.16/0.84 / —0.64 / 0.80 1.09 /2.06 / 2.08 / 0.26 -1.78 / —0.26 / —3.83 / 0.64
Original and uncorrected —3.16/-2.28/-63/ -2 —2.45/-197/ —-4.97/ -1.82 —3.73/ —2.83 / =7.50 / -1.44
Corrected and uncorrected 3.44/319/6.12/2.70 2.63/411/7.42/213 2.02/2.63/3.97/212
0.8 T T T T T T reconstruction in various applications. These approaches differ
o7k __e__ Egz; ] fundamentally from the proposed depth reconstruction model
in terms of data requirements, system complexity, and recon-
0.6 7 struction pipelines. Due to these inherent differences, a direct
T o5l i quantitative comparison is not feasible. The reconstruction
5 performed using camera array-based systems creates ghosting
g 0.4 1 artifacts, which commonly manifest in occluded regions due to
g 0sl i their limited angular resolution. For instance, Figure 23 presents
% a qualitative analysis through visual inspection. It is evident that
3 02r i scenes reconstructed using camera array-based systems exhibit
wg 01k | ghosting artifacts [see Figure 23(a)], likely attributed to the
x limited angular resolution. Furthermore, in Figure 23(b), which
or T depicts an object reconstructed using point cloud reconstruction,
01l ] the object lacks realism and is unsuitable for VR content creation.
Figure 23(c) illustrates the depth images reconstructed using
02 2'0 2'2 2'4 2'6 2'8 3'0 the proposed depth reconstruction model. Notably, this model is
Depth (cm) devoid of ghosting artifacts, resulting in a realistic depiction of the

FIGURE 22 | Illustration of « values under different depths for FOV
1and FOV 3.

derived from corrected LFIs show better reconstruction quality
for objects placed at 20 cm (Obj 1) and 25 cm (Obj 2) compared
to those from the original LFIs, except for the Obj 1 sharpness in
terms of §. For an object placed at 30 cm (Obj 3), the corrected
LFIs show an improvement in intensity; however, a decline in
sharpness is observed. Conversely, comparing the depth recon-
structed images derived from the original LFIs with those from
the uncorrected LFIs shows reduced reconstruction quality due to
the low intensity of sub-aperture images (caused by vignetting) in
the uncorrected LFIs. A better reconstruction quality is achieved
when comparing the depth-reconstructed images from corrected
LFIs with those from uncorrected LFIs. This indicates that the
vignetting effect reduced the reconstruction quality.

The proposed depth reconstruction model is compared with other
frequency-domain-based depth reconstruction methods, such as
4D planar filtering, along with a 4D frequency hyperfan filter
[76, 86]. Figure 21 illustrates the reconstructed images under
different depths for FOV 1 achieved through frequency domain-
based depth reconstruction methods, and the proposed model
Table 8 represents the SSIM and PSNR for depth reconstructed
images achieved by the proposed model and the frequency-based
depth reconstruction methods. It shows that the proposed model
provides better depth reconstruction quality than the frequency-
based methods. Therefore, it demonstrates that the proposed
model reconstructs the depth images in better quality in terms
of sharpness, pixel intensity, and focus quality.

As stated in the introduction, camera array-based [25, 30]
and point cloud-based [40, 41] approaches are used for depth

reconstructed scene.

Table 9 also provides a comprehensive analysis in terms of the
advantages and limitations of the camera array-based and point
cloud reconstruction methods in comparison to the proposed
depth reconstruction model. It demonstrates that the proposed
model incorporates more angular information compared to cam-
era array-based reconstruction and generates a more realistic
scene than point cloud-based reconstructions. The proposed
model employs a single-sensor LF system that captures the
utmost angular information, which is subsequently utilized for
precise depth reconstruction.

Table 10 presents a comparison of the LF image size and
processing time between the original and corrected LFIs. The
processing time of each LF image is measured from loading the
LF image into MATLAB to depth reconstruction. All processing
was conducted using MATLAB R2021a and an Intel(R) Core (TM)
i5-4460 CPU operating at 3.20 GHz. It is evident that the proposed
model reduces the processing time by 31.79%, and the LFI size is
reduced by 43.42% after correction.

5 | Translation to VR

Once the objects are reconstructed under different depths and
FOVs, the final step is to translate them into VR content. For
translation purposes, the Unity game engine has been employed.
In Unity, a scene has been meticulously crafted by integrating
all three FOVs to create a broader VR scene. To facilitate user
interaction within this scene, the Oculus Integration package has
been integrated. Instead of a joystick, a hand-tracking mechanism
is employed to track users’ hands for interaction within the scene.
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TABLE 8 | FRIQA-based reconstruction quality assessment for FOVs 1 and 3.

Obj 1 Obj 3
PSNR/SSIM PSNR/SSIM PSNR/SSIM
Algorithm FOV1 FOV 3 FOV1 FOV 3 FOV1 FOV3
4D Planar filter [86] 44.22/0.997 36.29/0.991 40.32/0.986 36.00/0.997 45.53/0.996 36.75/0.993
4D Hyperfan filter [76] 44.82/0.998 38.54/0.994 43.78/0.993 38.18/0.998 47.96/0.998 39.87/0.996
Proposed model 48.47/0.999 48.78/0.999 50.17/0.999 40.79/0.999 48.15/0.999 42.60/0.998
(b) (©)
FIGURE 23 | Comparison between (a) reconstructed using a camera array-based method; (b) reconstructed object through point cloud

reconstruction; and (c) depth reconstructed image through the proposed model.

TABLE 9 | Qualitative analysis of the camera array-based and point cloud depth reconstruction techniques along with the proposed depth

reconstruction model.

Method Advantages Limitations
Camera array-based systems * Captures limited angular information. Requires multiple cameras, making it expen-
[25, 30] * Allows for viewpoint changes. sive.
Generates a large amount of raw data.
Needs complex calibration for geometric align-
ment.
High computational demand.
Limited angular information.
Point cloud-based * Can provide 3D structural information of LF camera-based point cloud reconstruction

reconstruction [40, 41]

Proposed method .
(single-sensor LF
camera-based VR content

the scene.
Cost-effective.
Low computational cost.

Supports some viewpoint changes.

A low-cost system using a single LF
camera.

Reduces LF image size.

struggles with realistic scene reconstruction.

Generates discrete 3D points leading to arte-
facts.

Lacks refocusing capability, affecting depth per-
ception.

Lower spatial resolution.

creation)

* Low computational cost.

* Provides more angular information.

» Easy to set up and portable.

TABLE 10 | Overview of the comparison of LF image size and processing time of the depth reconstruction.
Size (MB) Difference (%) Processing time (seconds) Difference (%)
Original LFI 397.22 43.42 216.98 31.79
(13 x 13) sub-aperture images
Corrected LFI 224.72 147.99
(13 x 13) sub-aperture images
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FIGURE 24 | Illustration of the translated VR scene.

Interaction is enabled by pinching the user’s fingers rather than
pressing joystick buttons. This capability allows users to maintain
interaction within the scene, providing a more lifelike experience.
In the created VR scene, users can refocus on each object by
clicking the label of each object within the scene, and only the
refocused object will appear as focused, while others will appear
blurred. The Meta Quest2 headset has been used to experience
the translated VR content.

Figure 24 illustrates the translated, reconstructed LFIs presented
at various depths within VR content. Users can click on the labels
of each object to refocus on that specific object. This phenomenon
aligns with human vision systems, which allow users to perceive
only one object in complete focus at a time. As part of ongoing
research, user experience will be evaluated through user trials
and feedback surveys. During the user trial, participants will be
exposed to two types of VR content: computer-generated and
realistic VR content generated by the proposed model. After each
VR experience, user feedback will be collected using two types of
questionnaires provided in [75] and [76].

6 | Conclusion

In this paper, a depth reconstruction model based on LF imaging
has been proposed to generate data for VR content creation.
The primary objective of this model is to enable refocusing,
a feature that is currently absent in realistic virtual reality
content. The proposed model initially corrects the distortion and
vignetting effects present in the captured LFIs. Subsequently, sub-
aperture images are extracted from the corrected LFIs. Following
this, depth images are reconstructed using these extracted sub-
aperture images. To accurately reconstruct depth images, depth
calibrations were performed.

The key findings and contributions of this work are summarized
below:

» Ithasbeen revealed that distortion impacts the reconstruction
quality. Without distortion correction, objects within the
reconstructed depth images may exhibit deviations in shape
and size, resulting in reduced reconstruction quality.

* By addressing vignetting effects that cause certain angular
images to have low intensity or appear black, the inclusion
of poor-quality sub-aperture images is prevented in the recon-
struction process. The results demonstrate that including sub-
aperture images with low-quality or completely black pixels
in the reconstruction model results in reduced reconstruction

quality.

* The proposed model reduces the data size without compro-
mising reconstruction quality. This is achieved by removing
unwanted sub-aperture images (which have low intensity or
completely dark pixels) through vignetting effect correction,
thereby reducing data processing time and storage demands.

* The quality of reconstructed images is enhanced compared
to the original LFIs, ensuring that the final output remains
free from artifacts caused by vignetting and distortion. This
improvement in reconstruction quality is achieved by address-
ing most of the challenges associated with LF imaging.

* The proposed model’s reconstruction quality is validated
by two quality assessments. The results demonstrate that
the proposed depth reconstruction model shows superior
performance.

However, the proposed model is constrained by the spatial
resolution of the lytro illum camera, resulting in a reduction in
the output image quality. Furthermore, the limited baseline of
angular images restricts the accurate reconstruction of objects
within a restricted range. Additionally, the parameters defined
in this study for the reconstruction model are specific to the
lytro illum camera. This model can be adapted for other LFCs by
modifying the model parameters.

For future enhancements, modifications to the acquisition system
could improve spatial resolution and provide adequate angular
information for improved reconstruction. Furthermore, consider-
ation of the baseline (the distance between sub-aperture images
or different viewpoints) during camera selection for LF acquisi-
tion in VR is crucial, as it directly influences the reconstruction
quality of distant objects. Regarding the translation of this model
to VR content, an eye-tracking mechanism can be integrated into
VR content to allow users to adjust their focus based on eye
tracking, thereby enhancing the realism of the experience.

Furthermore, it is envisaged that applying the realistic scene to
an experimental scenario, such as a virtual animal museum, and
conducting a user study to evaluate immersion and the level of
motion sickness in comparison with reference VR content will be
considered.
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