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Abstract: Among the novel 3D visualization technologies of our era, light field displays provide the
complete 3D visual experience without the need for any personal viewing device. Due to the lack
of such constraint, these displays may be viewed by any number of observers simultaneously, and
the corresponding use case contexts may also involve a virtually unlimited numbers of users; any
number that the valid viewing area of the display may accommodate. While many instances of the
utilization of this technology operate with static contents, camera animation may also be relevant.
While the topic of light field camera animation has already been addressed on an initial level, there
are still numerous research efforts to be carried out. In this paper, we elaborate on the lessons learned
from implementing light field camera animation. The paper discusses the associated implications,
limitations, potentials, and future research efforts. Each of these areas are approached from the
perspectives of use cases, visual content, and quality assessment, as well as capture and display
hardware. Our work highlights the existing research gaps in the investigated topic, the severe issues
related to visualization sharpness, and the lack of appropriate datasets, as well as the constraints due
to which novel contents may be captured by virtual cameras instead of real capture systems.

Keywords: light field; camera animation; visual quality; use case; hardware

1. Introduction

The evolution of 3D visualization technologies in the last century continuously and
steadily strengthened the need to represent 3D information. Similar to how the eyes per-
ceive the real world via two distinct perspectives (i.e., stereopsis), stereoscopic devices
capture two views of the scene or object of interest. These views are then visualized on
stereoscopic displays with the aid of viewing gears to recreate 3D perception. However,
not every single 3D visualization technology relies on the classic concept of stereoscopic
content provision (i.e., one perspective per eye). In the scientific literature, the visualization
of stereoscopic contents that do not require viewing devices is called autostereoscopy. How-
ever, this phenomenon does not cover solutions that are not based on stereoscopic pairs.

Unlike the case of 2D displays—where the visual content is perceived from the same
perspective regardless of the viewing angle—light field (LF) visualization enables the 3D
perception of the content with the correct corresponding perspective based on the viewing
angle, without the need of any personal viewing device (e.g., special glasses or headgears).
This statement is somewhat applicable to 3D multiview displays as well, yet they only
provide such visualization over a very limited viewing angle—also referred to as “sweet
spots”—and the same interval of perspectives repeat over these viewing positions. In
contrast, light field displays (LFDs) utilize the entire field of view (FOV) of the system to
provide a continuous change in perspective and a smooth parallax effect.

Multimodal Technol. Interact. 2024, 8, 68. https://doi.org/10.3390/mti8080068 https://www.mdpi.com/journal/mti

https://doi.org/10.3390/mti8080068
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mti
https://www.mdpi.com
https://orcid.org/0000-0001-9376-5413
https://orcid.org/0000-0002-7643-5073
https://doi.org/10.3390/mti8080068
https://www.mdpi.com/journal/mti
https://www.mdpi.com/article/10.3390/mti8080068?type=check_update&version=2


Multimodal Technol. Interact. 2024, 8, 68 2 of 33

At the time of writing this paper, LFDs have not yet emerged on the consumer market,
although certain implementations are commercially available. However, the scientific
community develops novel solutions (i.e., different implementations of LF visualization)
and uses the currently available state-of-the-art displays to carry out numerous research
efforts in a myriad of topics that need to be addressed in order to pave the way towards
future use cases. A high portion of such use cases primarily rely on static contents. The
term “static” in this context refers to both the LF content itself (i.e., the content does not
change over time) and its presentation (i.e., the parameters of the camera do not change
over time).

There are many other use cases—including interactive scenarios—that rely on or
benefit from camera animation, which is the gradual change in camera parameters. Typical
examples of this include the change in zoom level, camera position, and camera orientation.
However, implementing LF camera animation is not necessarily a straightforward task, as
many factors—such as capture configuration or the human implications of visualization
(i.e., impacts on the visual experience)—may complicate its success and efficiency.

Recently, we implemented camera animation on a large-scale LFD [1–3] and assessed
the achieved results. Beyond the initial output of such a research effort, there are numerous
aspects that need to be considered in order to successfully integrate camera animation into
LF use case contexts; in essence, the road ahead is still long.

In this paper, the lessons learned from implementing LF camera animations are dis-
cussed in detail with regards to different aspects. First of all, we elaborate the implications
of LF camera animation: what the currently available technology and the state-of-the-art
findings imply. This is followed by the associated limitations: constraints that may either
make progress and practical deployment challenging or even prohibitive. Then, we discuss
the potentials of the investigated field: advantages and benefits enabled by employing LF
camera animation. Finally, we specify future research efforts: the upcoming steps that need
to be taken to make LF camera animation not only a feasible but an efficient method for the
future deployment of LF visualization technology.

Instead of a generic approach to the four aforementioned topics, this paper discusses
each of them through the perspective of four relevant contexts. First and foremost, the use
cases that are meaningful and feasible for LF camera animation are analyzed. In essence,
the potential utilization contexts determine the success of the emergence of LF visualization
in the future. Another important—and closely related—area of LF technology is the LF
content itself that is captured and visualized. We also address LF quality assessment, which
is a significant portion of the published and ongoing research efforts. Additionally, the
paper covers hardware-related considerations for both capture and display. Again, the
primary aspect of each section is investigated through these four contexts. The structure of
our contribution is summarized in Figure 1.

Implications Limitations

Potentials Future research efforts

Aspects to consider:

- Use cases

- Visual content

- Quality assessment

- Capture & display hardware

Figure 1. Structure of contribution.
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The main contribution of this review paper is to provide a thorough understanding
regarding the implications, limitations, potentials, and future research efforts related to
LF camera animation. Its goal is to support the future research and development in LF
technology and, ultimately, to aid the emergence of LF camera animation. For example,
the future research efforts related to use cases, visual content, quality assessment, and
hardware specify gaps in the scientific literature that should be bridged in order to support
the successful deployment of LF camera animation. A novelty of the work is that it touches
upon topics with respect to LF camera animation that are important but still in early phases
of implementation, such as split-domain LF visualization, angular super resolution, and
the visual Turing test.

The remainder of this paper is structured as follows. The methodology employed by
our work is briefly overviewed in Section 2. The trends and topics that have characterized
LF research since the Millennium (i.e., the year 2000) are analyzed in Section 3. The
state-of-the-art scientific literature is reviewed in Section 4. Our previous research effort
on implementing LF camera animation is summarized in Section 5. The implications,
limitations, potentials, and future research efforts are discussed in Sections 6, 7, 8 and 9,
respectively. The limitations of the work itself are stated in Section 10, and the paper is
concluded in Section 11.

2. Materials and Methods

Our work is comprised of two main approaches, each with their own appropriate
methodologies. The first one is the analysis of research trends and topics within the domain
of LF technology. We investigated published works—scientific articles in particular—from
the year 2000 to 2023. The analysis was performed on the well-known Scopus database.
A total of 50 queries was performed, ranging from rather generic (e.g., LF imaging) to
very specific (e.g., LF interpolation) research topics. The queries considered the fact that
in articles, the scientific term “light field” may also appear as “light-field”, “lightfield”, or
simply as “LF” (such as in this very article). This variation extends to terms such as “dataset”
as well, which may be spelled as “data-set” or phrased as “database”. Therefore, as an
example, the query for LF datasets was the following: “light field dataset” OR “lightfield
dataset” OR “LF dataset” OR “light field data set” OR “lightfield data set” OR “LF data set”
OR “light field database” OR “lightfield database” OR “LF database”. Note that writing
keywords with or without hyphens yields the same results, as Scopus does not differentiate
them. The results of the analysis of research trends and topics are introduced in Section 3.

The second one is a conventional in-depth analysis of the related scientific literature.
For this purpose, beyond relying on Scopus, we searched relevant databases, such as IEEE.
In this analytical context, the yields of the various research topics are less important. In fact,
as stated before, while the low yields do serve as a notable limitation, they also emphasize
the under-investigated nature of LF camera animation. Additionally, in contrast to the
analysis of research trends and topics that relies only on published articles, the detailed
review of the relevant scientific literature includes other forms of publication as well, such
as conference papers.

3. Analysis of Research Trends and Topics

As already mentioned in the previous section, we performed a total of 50 queries within
the scope of this analysis. The first ones investigated the current state of terminologies—i.e., how
the term “light field” appears in the scientific literature. We found that 98.94% of the published
articles use either “light field” or “light-field”. However, this percentage may be somewhat
misleading, as this very article would fall into this category as well, even though we consistently
use “LF” throughout the paper. The reason for this is that the term appears as “light field” in
the title, and also appears within the text—such as in this very sentence. Therefore, it is a more
accurate statement that 1.06% of all the LF-related articles write “LF” exclusively.

Regarding the topics covered by the scientific literature and their frequencies, we
investigated the following LF-related terms (and all the possible variations, as stated ear-
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lier): image; imaging; camera; display; model; super resolution; reconstruction; dataset;
application; rendering; quality assessment; system; analysis; manipulation; compression, ac-
quisition; depth estimation; video; photography; feature; capture; algorithm; enhancement;
processing; geometry; synthesis; refocusing; generation; use case; visualization; estima-
tion; editing; calibration; optimization; denoising; resolution; interpolation; segmentation;
method; registration; subjective test; depth map; integration; computation; workflow; and
camera animation. Additionally, we performed queries for camera animation in general
as well.

The analysis of the LF-related research topics that yield at least 100 articles in total
for the investigated period is presented in Figure 2. First of all, it is applicable to the vast
majority of the research topics that there has been a notable increase since 2013. This may
be primarily due to the fact that it was at that time the first commercial LFDs emerged,
which enabled numerous research efforts, such as quality assessment. However, quality
assessment is not represented in the figure, as there were only 64 articles in total published
on the topic by the end of 2023. The eight research topics that are represented in the
figure are (in descending order of total articles) image, imaging, camera, display, model,
super resolution, reconstruction, and dataset. The first two are relatively generic research
terms, which explains their frequent occurrences. While “image” simply refers to static LF
contents, “imaging” represents the process of creating LF contents suitable for visualization
(i.e., visual reproduction). Regarding more specific topics, it can be stated that since 2015,
in every single year, more articles were published on LF cameras than on LFDs. Super
resolution is also among the most frequent research topics, yet it should be noted that
this term covers both high angular density and resolution enhancement. The works listed
by the queries dominantly refer to the latter. In Section 4, the different research efforts
assigned to the term “super resolution” are thoroughly explained. It is also important to
highlight that there is a noteworthy increase in novel LF datasets, which are crucial to a
great number of research activities, such as developing new metrics of objective quality
assessment, performing subjective studies, validating use cases, and many more.
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Figure 2. Scopus analysis of LF-related research topics from 2000 to 2024 with at least 100 articles
in total. The topics in descending order of the total number of articles are the following: image
(i.e., static LF content), imaging (i.e., visual reproduction), camera (i.e., LF acquisition), display (i.e., LF
visualization), model (i.e., LF object), super resolution (i.e., resolution enhancement), reconstruction
(i.e., generating continuous LF from samples), and dataset (i.e., novel LF contents).
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Generally, LF-related research is very steadily increasing. While between 2000 and
2010, the annual number of new articles was between 100 and 200, it reached 300 by 2016,
500 by 2019, and 700 by 2022. However, these trends are not applicable to LF camera
animation. According to the obtained results, only a single article was published in the
investigated period—which is our own earlier work from 2022. However, camera animation
in general is also an under-investigated research area, yielding only eight works. Naturally,
camera animation as a generic topic is not of much research interest in this day and age.
However, applying it to such novel technology holds potential benefits, which are later
elaborated in this paper, along with the implications, limitations, and future research efforts.

4. Related Work

In this section, we revise the efforts and published works of the scientific community
that are related to our contribution. First, we provide a general overview of the theoretical
framework behind LF representation. This is followed by the classification of the relevant
hardware, and the explanation of the associated concepts, including rendering. Since
compression is one of the most important research areas of LF technology—and thus,
relevant to every instance of utilization—the section then elaborates the contemporary
solutions of LF compression in a chronological order. The focus is then narrowed down
to user-centric considerations, due to the fact that user experience ultimately determines
the success of the deployment of LF use cases—including utilization contexts based on
LF camera animation. As such subjective studies often rely on LF datasets, the section
also briefly reviews the databases available at the time of writing this paper. Finally, the
section addresses super resolution and distinguishes it from angular super resolution, both
of which are crucial research topics for the future emergence of LF technology. The related
research efforts on LF camera animation are discussed in a subsequent separate section,
namely, Section 5.

The technical term “light field” was first introduced by Gershun in 1936 [4]. Nonethe-
less, the original concept was specified more than a century ago as a means to encapsulate
the visual information of the physical world, while evolving throughout the years along
with the advancements of digital and optical technologies [5–8]. LF describes the radiance
at a point in a certain direction [9]. In other words, it is “the amount of light traveling in ev-
ery direction through every point in space” [10]. One of the major advantages of LFs is their
ability to improve the comprehension of how the human visual system (HVS) interprets
the surrounding world. Accordingly, LF images provide tremendous amounts of visual
information regarding the represented scenes, as they describe the light traversing in all di-
rections for all the points of 3D space. Therefore, unlike conventional photography—which
only captures a 2D image—LF imaging demands the acquisition of multi-dimensional data
(i.e., spatial and angular information) [11,12]. LF in general is meant to represent a portion
of 3D space. In terms of visualization, this means that we can imagine a plane in front of
and behind the visualized content. In order to characterize the light rays within such a
constrained portion of 3D space, one may take the two coordinate pairs on these parallel
planes where the line representing the light ray intersects them [9]—which, as shown later,
is already a simplification of LF representation [13,14]. This, however, poses a notable
limitation on the scope of LF visualization, since the constrained portion of 3D space is
indeed finite, which means that it is impossible to visualize portions of a content that are
virtually infinitely far away.

As a means to represent LF, the plenoptic function was proposed by Adelson and
Bergen [15], describing everything that can be perceived within a given segment of space,
hence the name “plenoptic” (made up from “plenus” meaning complete, and “optic”). The
plenoptic function is a 7D function formulated as P = P(θ, ϕ, λ, t, Vx, Vy, Vz), depicting light
rays with wavelength λ passing by an angle (θ, ϕ) through the pupil of the eye placed at
location (Vx, Vy, Vz) at time t. Due to the high dimensionality of the plenoptic function,
calculations can be extremely complex and hard to process. In an effort to reduce the
complexity, McMillan and Bishop [16] reduced the dimensionality of LF representation to
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5D by registering a set of panoramic images captured at various 3D positions. Later in 1996,
Levoy and Hanrahan [9] further reduced the LF representation to 4D in the case of free
space (i.e., no occluders). Their idea was based on the parametrization of light rays using
their intersections with two planes while traveling in straight lines. In other words, the two
intersection point pairs (u, v) and (s, t) on the planes are used to represent LFs. Figure 3
depicts the progression of the LF representation over the years.

7D plenoptic function
P(𝑉𝑥 , 𝑉𝑦 , 𝑉𝑧 , 𝜃, 𝜙, 𝜆, 𝑡)

5D plenoptic modelling
P(𝑉𝑥 , 𝑉𝑦 , 𝑉𝑧 , 𝜃, 𝜙)

4D light field rendering
𝑃(𝑢, 𝑣, 𝑠, 𝑡)

Figure 3. Simplification of LF representation [13,14].

Capture LF hardware allows the storage of almost all the information of the viewed
scene from the camera’s point of view, where the amount of light in each light ray arriving
at the camera sensor is recorded [17]. This information can be useful in further applications
requiring additional knowledge about the visualized scene. For additional information
about the scene, dynamic cameras can be used for navigation.

Nowadays, LF capture systems can be either horizontal-only parallax (HOP) or full-
parallax (FP) systems, with the latter capturing the parallax in both directions. Considering
the baseline length of LF capture and display devices, they can be categorized as narrow-
and wide-baseline systems. Furthermore, in the case of projection-based LFDs, the location
of the projector array with respect to the screen and the observers creates two categories
as well. If the projectors are on the same side of the screen as the observers, then it is a
front-projection LFD, and if they are on the other side, then it is a back-projection LFD. The
two types of projections are illustrated in Figure 4. Note that in the case of front-projection
solutions, the projectors are typically above the viewers, and they may also be located
behind the viewers.

LFD

screen

Back-projection LFD

LFD

screen

Front-projection LFD

Figure 4. Back-projection and front-projection LFDs.
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For LFDs, the number of views for a given content is directly proportional to the
achieved motion parallax within the FOV. Hence, the aim of LFDs is to provide as many
views as possible for contents in order to have a continuous motion parallax, which in turn
requires an adequate degree of angular resolution [18]. Similarly to LF capture systems,
LFDs can be either HOP or FP. Since the eyes are horizontally separated, HOP LFDs are
more practical than the implementation of a vertical parallax, in addition to being less
complex than FP solutions. For HOP LFDs, farther viewing distances are only possible with
sufficient corresponding angular resolution [19]—as insufficient light ray density makes the
visualized content look flat 2D, as no two or more distinct rays with respect to a given point
on the screen can reach the two pupils—which also extends the valid viewing area (VVA),
the angle of which is originally determined by the FOV. The FOV itself is determined by
the baseline of the system. Theoretically, an LFD is considered to be a narrow-baseline
system when the FOV ranges between 10◦ and 15◦, whereas for FOV values greater than
30◦, the LFD is counted as a wide-baseline system [20]. However, at the time of writing
this paper, there is no scientific-community-wide consensus regarding this classification.
Regarding the relation of the content and the display, as a general rule, the more the LFs
match between both the capture and visualization systems, the higher the quality of the
visualized content, as fewer content adjustments are required.

Similarly to the idea of viewing frustums for general 3D rendering [21], double viewing
frustums—inside which the elements within the region of interest (ROI) are visualized—are
used for LFDs. The ROI defines a box-shaped volume in the virtual scene, within which all
contents are visualized on the LFD [22,23]. For projection-based LFDs, the characteristics of
the ROI can have considerable effects on the perceived visualization quality, where poorly
chosen ROI values can greatly deteriorate the quality of the displayed content [22]. The
ROI plays a major role in generating LF camera animations virtually, the topic of which is
discussed in detail in Section 5. In the concept of a double viewing frustum, the screen is
placed between the frustums. Contents rendered around the screen are considered to be in
the sharp region of the LFD and, hence, are rendered sharply. However, contents further
away from the screen enter the blurry region of the display and, thus, suffer blurriness,
resulting in a lower perceived quality.

Since LF rendering requires the storage of almost all the visual information related
to the captured scene by means of storing multiple views of the given scene, compression
techniques are needed to accommodate the huge amount of information. In order to achieve
a smooth continuous motion parallax effect, the number of captured views needs to be suf-
ficiently high. In efforts to solve the data storage and bandwidth problem, various compres-
sion techniques—taking into account the similarities between the LF images representing
the scene—were suggested for LFs. This includes disparity compensation for compressing
synthetic 4D LFs [24–26], which was already highly investigated prior to the emergence
of the first modern projection-based LFDs. Approximation through factorization [27] and
geometry estimation using Wyner–Ziv coding [28] were also relevant approaches from
that scientific era. From the beginning of the 2010s, various compression methods for
LF images captured by hand-held devices were proposed [29–35]. The subsequent ef-
forts relied on homography-based low-rank approximation (HLRA) [36], disparity-guided
sparse coding [37], deep-learning-based assessment of the intrinsic similarities between
LF images [38], and Fourier disparity layer representation—where the Fourier domain can
effectively construct a set of layers for LF representation given very few views [39]. In recent
years, the contemporary solutions included low-bitrate LF compression based on structural
consistency [40], disparity-based global representation prediction [41], compression by
means of a generative adversarial network (GAN) [42], a spatial-angular-decorrelated
network (SADN) [43], bit allocation based on a coding tree unit (CTU) (which takes into
account the HVS to remove perceptual redundancy) [44], compressed representation via
multiplane images (MPIs) comprised of semi-transparent stacked images [45], and neural-
network-based compression by using the visual aspects of sub-aperture images (SAIs),
incorporating descriptive and modulatory kernels [46]. Further lossy compression methods
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for LFs include transform coding [47–51], predictive coding [35,52–54], pseudo-sequence
coding methods [55–57], and utilizing a two-dimensional prediction coding structure [58].
Table 1 summarizes the different LF compression techniques.

As previously stated, the storage and transmission of LF images present significant
challenges due to their large data volumes. Consequently, various compression techniques
have been employed to address this issue. As illustrated in Table 1, it is evident that the
majority of these techniques are of the lossy type. Many of these techniques handle LF images
from a single scene similarly to how video sequences are managed. In other words, these
methods apply video coding strategies to LF images that represent a single scene. Whereas
these methods produce plausible results, they mostly consider the case of static scenes where
a static camera is deployed. However, in the case of LF dynamic camera animations, a
significantly larger number of images must be stored, particularly due to the substantial scene
changes caused by extensive camera movements. This presents a major challenge—and in
some instances, limitations—in the context of LF dynamic camera animations.

Table 1. LF compression techniques.

LF Compression Technique Citations Type of
Compression

Disparity compensation for compressing
synthetic 4D LFs [24–26] lossy

Approximation through factorization [27] lossy

Geometry estimation using Wyner–Ziv coding [28] lossy

Compression methods for LF images captured
by hand-held devices

[29,30,32–35]
[31]

lossy
lossless

Homography-based low-rank approximation [36] lossy

Disparity-guided sparse coding [37] lossy

Deep-learning-based assessment of the intrinsic
similarities between LF images [38] lossy

Fourier disparity layer representation [39] lossy

Low-bitrate LF compression based on
structural consistency [40] lossy

Disparity-based global representation prediction [41] lossy

Compression by means of a generative
adversarial network [42] lossy

Spatial-angular-decorrelated network [43] lossy

Bit allocation based on a coding tree unit [44] lossy

Compressed representation via multiplane images
comprised of semi-transparent stacked images [45] lossy

Neural-network-based compression by using the
visual aspects of sub-aperture images,

incorporating descriptive and modulatory kernels
[46] lossless

Transform coding [47–51] lossy

Predictive coding [35,52–54] lossy

Pseudo-sequence coding methods [55–57] lossy

2D prediction coding framework [58] lossy
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While certain LFD implementations have already emerged and are now commercially
available, a vast amount of research effort is still required to enhance and optimize the
visualization quality of LFDs. Such efforts are centered around human-centric consider-
ations and quality of experience (QoE). These primarily include perceptual thresholds
and personal preference, and there are many open research questions that are yet to be
investigated [59]. The empirical data for QoE research are collected via subjective qual-
ity assessment, the methodology of which has been recently standardized [60]. At the
time of writing this paper, various subjective tests were performed on HoloVizio LFDs
of Holografika [61–68]—particularly the 721RC, the 722RC (also known as 640RC), the
C80 cinema system, and the 80WLT television-like display. The test variables of the state-
of-the-art scientific literature include spatial and angular resolution [69,70], spatial and
angular distortion [71–74], compression [75], interpolation [76], viewing distance [19], zoom
level [23], content size [77,78], content characteristics (e.g., complexity [79], alignment [22]
and orientation [80]), human–computer interaction (HCI) [81,82], and more. Additionally,
novel dedicated prototypes (i.e., designed for specific use cases) were introduced and
tested, such as for the future use case of LF telepresence [83,84].

As the vast majority of the aforementioned efforts of subjective quality assessment fun-
damentally rely on LF contents, there is an evident need for LF datasets. Such datasets vary
a lot in their characteristics and provide information. They can contain real-world captured
contents, synthetic ones (i.e., rendered), or a combination of both. Datasets targeted for
evaluating the quality of LFs usually incorporate high-quality contents, along with their im-
paired counterparts. According to Shafiee and Martini [85], LF datasets can be categorized
into three groups: (i) content-only datasets, (ii) task-based datasets, and (iii) QoE datasets.
As the name implies, content-only datasets contain the LF contents only, and nothing more.
Real-world captured contents may be acquired by a lenslet camera [86–91], a single-lens
camera [90,92–96], or an array of cameras [90,97]. In the case of rendered content-only
datasets [94,96,98], the camera is virtual, which is, of course, applicable to the other dataset
types as well, along with the classification of real cameras. Task-based datasets include ad-
ditional information on the task for which the dataset was created. Similarly to content-only
datasets, task-based datasets can also be captured by a lenslet camera [99–103], a single-lens
camera [104,105], an array of cameras [106], or by a virtual camera [103,104,107,108]. Finally,
QoE datasets contain subjective ratings that were acquired through extensive testing with
numerous test participants. The currently available QoE datasets were captured by either a
lenslet camera [109–113], a single-lens camera [72,114], or a virtual camera [113,115]. The
dominant portion of the datasets covered in this section contain LF images. LF video
datasets—such as the work of Guillo et al. [92]—are exceptionally rare at the time of writ-
ing this paper. The different types of LF datasets [85]—along with relevant examples for
each data capture method—are summarized in Table 2.

Table 2. LF dataset types [85].

LF Dataset Type Definition Data Capture Methods Examples

Content-only

Contains the LF contents only - Lenslet camera [86–91]
- Single-lens camera [90,92–96]
- Array of cameras [90,97]

- Virtual camera [94,96,98]

Task-based

Includes additional - Lenslet camera [99–103]
information on the task for - Single-lens camera [104,105]

which the dataset was created - Array of cameras [106]
- Virtual camera [103,104,107,108]

QoE

Contains subjective ratings -Lenslet camera [109–113]
that were acquired through - Single-lens camera [72,114]

extensive testing with - Virtual camera [113,115]
numerous test participants
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A common research topic within the scientific community of LF technology is super
resolution. However, as there are two distinct interpretations for the same terminology, it
requires clarification via a prefix. Among the published works, the most frequent interpre-
tation of super resolution is image resolution enhancement. As this may be considered the
default interpretation, the terminology is often used without a prefix. An accurate prefix
for such may be spatial super resolution, but image super resolution also describes the
notion faithfully. Different methods were devised to achieve LF image super resolution,
including projection-based methods [116–119] and optimization-based methods [120–126].
A great number of novel attempts employ convolutional neural networks (CNNs) and
deep networks, specifically targeted for data captured by LF cameras, since such devices
have limited spatial and angular resolutions. These networks aiming to achieve spatial
super resolution for LF images include a two-stage CNN, exploiting the correlations among
the LF images both internally and externally [127]; a bidirectional recurrent network [128];
a deformable convolution network, taking into account the angular information among
images while handling disparities [129]; residual networks, where the LF images are first
grouped and then fed into different network branches from which the residual information
along different directions is calculated [130]; and an algorithm applying optical flow to
align LFs, after which the angular dimension is reduced by means of low-rank approxima-
tion, and then, a deep CNN is used for spatial super resolution [131]. Additionally, among
the other methods of spatial super resolution are the LF-DFnet (deformable convolution
network) [129]; the LF-IINet (intra-inter view interaction network), preserving the system
parallax while exploiting the correlations among images [132]; dense dual-attention net-
works [133]; and end-to-end networks using epipolar geometry, in order to learn the details
of sub-pixels per view image [134]. In efforts to reduce the dimensionality, the complexity,
and the cost of 4D LF data, the work of Van Duong et al. [135] proposes a network that
decomposes LF data into a lower data subspace while exploiting the information resulting
from the possible 4D LF representations, including epipolar plane image (EPI), as well as
spatial and angular information. Regarding networks enhancing both spatial and angular
resolutions, the work of Yoon et al. [136] proposes the LF convolution neural network
(LFCNN), composed of spatial and angular super resolution networks. Furthermore, LF-
InterNet [137] enhances both the spatial and angular resolutions by extracting their features
from LFs separately, with interactions occurring between them later, ending up by fusing
the interacted features. Another method uses two super resolution networks, targeted for
spatial and angular super resolutions separately, generating multiview features that are
later remixed by an adaptive feature remixing (AFR) module [138].

The other interpretation of super resolution is angular super resolution. It refers to
an angular density so high that not only two distinct light rays with respect to a point on
the LFD screen address the two pupils of the observer—which is essential to the 3D visual
experience [19]—but also a single pupil. Based on the state-of-the-art LF visualization
technology and its current usage, angular super resolution has not yet been achieved. The
reason why the word “usage” is involved in this statement is that angular super resolution
evidently depends on the viewing distance as well. After all, the farther the observer, the
lower the perceivable light ray density—making LF visualization appear flat 2D beyond
certain distances. The most significant benefit of reaching angular super resolution is that it
allows observers to change their focal distance. While with lower angular resolution, one
may only focus on the plane of the screen of the LFD, with angular super resolution, one
may focus on closer and farther portions of the visualized content. Although achieving
such a goal may greatly benefit LF use cases, it poses great challenges on multiple fronts.
As angular super resolution is a future research topic that is applicable to and relevant for
both use cases, visual content, and quality assessment, as well as hardware, we address it
in Section 9. In the next section, we briefly review the currently available research efforts
on LF camera animation.



Multimodal Technol. Interact. 2024, 8, 68 11 of 33

5. Implementing Light Field Camera Animation

Camera animations comprise changing the focal length, animating camera move-
ments, rotations, and switching between different cameras. Considering general camera
animations, we can categorize them into cinematography [139] and simulation camera
animations. Cinematography camera animations include pan, tilt, zoom, dolly, truck, and
pedestal movements. As for simulation camera animations, gaming and other interactive
environments are the most common use cases, in which observers and players may perceive
the surrounding virtual environment. Thus, the main camera attributes—such as position
and orientation—should be determined [140]. Simulation camera animations include first-
person cameras—also known as point-of-view (POV) shots [141]—second-person cameras,
and third-person cameras.

Considering LF capture systems, specific customized hardware should be used,
whether it is plenoptic cameras, 2D camera arrays, or conventional cameras customized for
LF capture. This further complicates the capture process for LFs, in addition to the issues
of cost and portability. To overcome the aforementioned problems, virtual LF cameras are
adopted. Similarly to the idea of LF cameras capturing the light distribution about real
scenes, virtual LF cameras achieve the same for virtual scenes with the added advantage of
being free of error. Considering LFDs, the associated ROI matrix facilitates the different
camera motions. Practically, the inverse of the ROI matrix is used to evaluate the display
rays and to transform them into the world space. This can be applied to individual rays,
where the same coordinate system includes all objects and light rays in the scene.

In our earlier works [1–3], we simulated some of the camera animations mentioned
earlier, including cinematography, simulation, and realistic physical camera animations.
Cinematography animations included pan, tilt, zoom in/out, dolly in/out, truck, and
pedestal animations. For simulation camera animations, first-person and third-person cam-
eras were implemented. As for the realistic physical camera animations, a collision camera,
a suspension camera, and a falling camera were implemented, while taking into account
the physical properties of the camera and the scene; hence, the realistic physical simulation.
The aforementioned camera animations were tested and visualized on the HoloVizio C80
LFD. Further tests were performed to measure the plausibility of the visualized content,
including subjective tests, as well as objective metrics performed specifically for the realistic
physical simulations.

There is a lot to discuss regarding LF camera animation due to its relevance to practical
utilization contexts and also due to the fact that research on the topic has only recently
begun. In this paper, we organize this discussion into the topics of use cases, visual content,
quality assessment, and LF hardware. Each of these aspects are approached from the
perspectives of implications, limitations, potentials, and future research efforts. Therefore,
our core contribution is distributed among 16 subsections.

6. Implications
6.1. Use Cases

Due to the ability of LF cameras to capture and store 3D information related to
scenes, LF camera animations can be effectively integrated in many applications. These
include—but are not limited to—medical imaging, telepresence, resource exploration,
prototype review, training and education, gaming, digital signage, cinematography, cultural
heritage exhibition, air traffic control, and driver assistance systems [142,143]. For some use
cases, using a static LF camera may be sufficient, such as in the case of telepresence, where
the camera is placed in front of the individual(s) to capture either the entire body [84] or
a portion of it (e.g., just the head [83]). In the case of medical imaging, the content itself
may be static, but its visualization may allow interaction for better diagnostics accuracy
(e.g., using rotation and zoom). Furthermore, a static camera was used to investigate
the various interactions on LFDs by means of a theater model simulation, depicting real
theaters in their angularly selective nature [144]. Furthermore, static LF cameras can be
used in digital signage and cultural heritage exhibitions. Considering the latter, an LFD was
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installed in a museum via the i-MARECULTURE project [145] to enable a visually attractive,
state-of-the-art representation of cultural heritage. Nonetheless, for a more engaging—yet
rendering-wise challenging—experience, dynamic camera motion can be used, which may
be applicable for the vast majority of use cases. For example, it should be noted that in
time, medical LF videos may become viable as well.

6.2. Visual Content

The effect of using LF camera animations is rather case-dependent, hence, affecting
the resulting visualized content. Considering static cameras, the final output depends on
the position of the entity (e.g., character or object) under consideration. Regarding dynamic
camera animations, our previous work [3] indicates that first-person cameras have the
worst visual quality, followed by tilt, zoom, dolly, pan, pedestal, and third-person cameras.
On the contrary, pan and truck movements scored the best visual results on LFDs. Thus, it
may be preferable to avoid first-person and zoom-in camera animations if possible. The
instance of zoom is illustrated in Figure 5. The dashed lines in the figure characterize the
symmetrical regions of LF visualization (i.e., behind and in front of the plane of the screen).
The example is exhibited for one side of visualization, but it is, of course, applicable to the
opposite side as well. As shown in the figure, while normal camera zoom places the 3D
object for camera capture in the sharp region (i.e., visualization is sharp), the zoomed-in
camera results in blurriness. On the other hand, blurriness resulting from zoom-out on
LFDs is not considered an issue since the same occurs to objects far from observers in real
life; however, the same does not apply to the zoom-in camera animations, since the entity
with the main camera focus is blurred, causing severe irritation with the possibility of
hindering the visualization of the entire 3D scene [22,146].

Blurry region

Blurry region

Sharp region

Sharp region

Screen of

the LFD

Zoomed-in camera

Normal camera zoom

3D object for camera capture Regions of LF visualization

Figure 5. The impact of zoom on visualization sharpness.

6.3. Quality Assessment

Quality assessment may serve different goals, depending on the research question of the
study. As mentioned earlier, it primarily focuses on perceptual thresholds (e.g., whether test
participants can distinguish different representations) and personal preference (e.g., whether
test participants prefer one representation over another). In a subjective test, either a single test
participant is present at a time (which is the dominant methodology within the scientific com-
munity), or multiple test participants observe the same visualization simultaneously (which is
plausible for the investigation of inter-user effects). A great portion of the experiments in the
scientific literature rely on static contents (i.e., objects and scenes), shown from the perspective
of a static camera.
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Considering realistic physical LF camera animation simulations, three objective metrics
were devised for assessment: (i) a collision metric, detecting collisions between the camera
and scene elements; (ii) a blurry region metric, keeping track of the number of scene
elements rendered outside the sharp region of LFD; and (iii) an occlusion region metric,
used in the case of third-person cameras to detect scene elements obstructing the main
entity from the camera [1,3].

6.4. Capture and Display Hardware

According to Wetzstein [11], LF acquisition can be classified into three main categories:
(i) multiple sensors, (ii) temporal multiplexing, and (iii) spatial and frequency multiplexing.
Table 3 characterizes the different types of LF acquisition. Due to their ability to capture
multiple images with broad range of distances, using multiple sensors generates high
spatial resolution LFs by enabling efficient depth reconstruction. On the other hand, the
significant weight of the camera setup may result in issues of portability. The portability of
camera arrays can be generally difficult, especially if they are used outdoors, due to their
reliance on power supply, as well as the usage of complicated transmission lines [147]. Con-
stant synchronization and calibration should be maintained across the different cameras
within the system, as well as managing the storage and processing of the huge amount
of captured data. Many solutions were proposed for the calibration of camera arrays,
such as simply calibrating each view point by means of a single camera calibration. An
additional solution is the usage of plane plus parallax for calibrating the camera array
used for LF acquisition [148]. A major limitation of using multiple cameras is the limited
view resolution, where the physical dimensions (i.e., size of the camera) and limitations
(e.g., constrained speed and degrees of freedom of the rig) restrict the gaps between the
cameras when being placed beside one another, along with the possibility of a self-capture
approach [10,11,149,150]. Not only do these methods present numerous challenges, but
they are also primarily designed for static cameras. When it comes to dynamic camera
animations—such as the case of a car chase scene—this type of acquisition method faces
even greater challenges and, in some instances, significant limitations in its application.
Accordingly, an alternative to using multiple cameras for wide-baseline capture is tem-
poral multiplexing, achieved by a single sensor. Unlike using multiple sensors, temporal
multiplexing has the advantage of significant reduction in costs and complexity where a
single camera is used, requiring less calibration. On the other hand, the scene is required
to be static, hence, the utilization of this method is rather limited, less universal, and
thus, less practical. In other words, this method is rendered invalid in terms of dynamic
camera animations. Unlike the techniques utilizing multiple sensors, spatial and frequency
multiplexing methods overcome the portability issue, while generating high-density views.
While dynamic scenes can be captured efficiently by means of spatial multiplexing, a
trade-off occurs between the angular and spatial sampling rates. Accordingly, compared to
the previous methods, reduction in spatial resolution is noticeable [10,11,149]. Moreover,
in most cases, the baseline between the captured views is small due to the small distance
between the microlenses in the microlens array setup. Thus, the majority of the methods
within this category are classified as narrow-baseline solutions. It is noteworthy that all
acquisition methods encounter greater challenges with wide-baseline capture systems. Con-
sequently, the use of virtual cameras to capture wide-baseline LFs is favored, particularly
for scenarios involving dynamic camera animations [1,3].
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Table 3. LF acquisition types and methods.

LF Acquisition Type Definition Acquisition Methods Examples

Multiple sensors Camera arrays for
wide-baseline capture

- Linear camera setup [66]
- Arc camera setup [84]

- 2D grid camera setup [151]
- Spherical camera setup [152]

Temporal multiplexing
Uses a single camera instead of

multiple cameras for
wide-baseline capture

- Camera on turntable or rotating camera while
reorienting [9,153,154]

- Programmable aperture photography [155]
- Extension of integral photography [17,156,157]

- Rotation of a planar mirror [158]
- Lensless LF camera [159]

Spatial and frequency
multiplexing

Uses a single camera to create
LF images by means of spatial or

frequency multiplexing

- Parallax barriers [7]
- Integral photography [8]
- External lens arrays [160–162]

- Array of planar, tilted mirrors or mirrored spheres [163–166]
- Lens arrays and a single sensor in related

compound imaging systems [167–170]

- Combining a lens array and a flatbed scanner in a
lenslet-based architecture [171]

- Plenoptic cameras [156,172]
- Frequency multiplexing [173]

An alternative way to categorize LF capture systems is by using the baseline as a
criterion, where a temporally moving single-camera or a camera array configuration is
considered wide-baseline capture. In the case of HOP wide-baseline capture, cameras
are placed horizontally in a linear (e.g., the LF transmission of Balogh and Kovacs [66])
or an arc (e.g., the telepresence system of Cserkaszky et al. [84]) manner. For FP wide-
baseline systems, cameras are arranged as a 2D grid (e.g., a 64-camera setup arranged in
an 8 × 8 grid [151]) or spherically (e.g., a spherical LF camera using the Gaussian blending
method for vision reconstruction [152]). On the other hand, LF cameras (e.g., a plenop-
tic camera) are considered narrow-baseline, as their baseline is limited by the aperture
size [156,174]. Not only do plenoptic cameras capture the light intensity in the scene but
also the exact direction traversed by light in space [17]. An example for commercial plenop-
tic cameras are Raytrix cameras [172]. There were many other attempts to implement LF
cameras, as well as to enhance the content captured by LF cameras [120,175,176].

With the aid of LFDs, the ability to perceive 3D contents without the need of visual
gears is possible, which, in turn, enhances the user experience. Motion parallax in LFDs
allows users to view the scene from multiple perspectives as they move sideways within
the VVA. This is a major advantage of LFDs, as even with the usage of a static camera,
the scene can still be viewed from many angles. Accordingly, in many applications, using
camera animations can be avoided, which simplifies the rendering process.

7. Limitations
7.1. Use Cases

Real-time rendering for LFDs is an important yet complex task that needs to be
achieved in order for LFDs to extend their usage in many applications, including essential
fields such as time-critical medical visualization, telepresence, and gaming. For visually
plausible contents, high ray density (i.e., angular resolution) is necessary. If the angular
resolution is not sufficient, then different forms of degradation may occur [78,79,177], such
as the interference of neighboring perspectives and the sudden jumps between adjacent
views as the observer changes viewing position and angle.

There are major limitations associated with the sharp rendering region of LFDs. One
significant issue is that the more depth a content has, the more it is affected by insufficient
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angular resolution (i.e., the portions of the content that are the closest to the observer(s) and
those that are farthest away are the most susceptible to low angular resolution). While this
may be somewhat compensated by content and display characteristics, there are certain
use-case-related camera perspectives that are less feasible. In the context of gaming, games
in which the camera looks towards a well-defined surface may be implemented without
notable difficulties, as the space of visualization is evidently constrained. For example,
in the case of a strategy game where the camera looks towards the ground, the ground
is basically a barrier; no visualized object can be farther away from the camera than the
plane of the ground. However, in an open-world action game or first-person shooter, the
camera may look towards extreme distances, which cannot be properly encompassed by
LF—as already emphasized by the theoretical framework. Thus far, no universal solution
has been proposed to overcome this specific limitation. This, of course, does not necessarily
mean that first-person games are not plausible at all. For instance, one may implement
a first-person action game in which levels are conventional mazes, where the maximum
length of a corridor is constrained—thus, limiting the maximum depth of visualization.
However, first-person perspective in general is very challenging as of now, and even if it is
implemented with certain constraints, the camera movements and other factors may still
hinder the perceived quality of LF visualization.

7.2. Visual Content

As stated in Section 5, realistic LF camera animations can sometimes be exceedingly
challenging due to the portability- and cost-related issues. Accordingly, creating virtual
contents for LFDs is generally a viable solution to overcome the problems associated with
realistic LF contents. Such may be implemented by using the ROI of the LFD—determining
the region within the virtual scene that needs to be displayed.

Even though virtual LF capture can solve numerous issues related to real capture
systems, this is not applicable to using a first-person camera, as blurriness may occur in
the resulting visuals due to the inflicted zooming effect—pushing the rendered content
into blurry regions. In other words, the optical limitations of LFDs may gravely reduce the
quality of the rendered content when using first-person cameras. Additionally, significant
camera motions (i.e., rigorous, strong motions) may further deteriorate the visualized
content, causing dizziness and loss of focus [2,3].

Moreover, capturing the details of an entity by zooming in with real LF cameras is
technically impossible (i.e., no solution exists for it or even proposed for it at the time
of writing this paper, and no theoretical framework supports it) since such requires an
optical change in the focal lens of the cameras, which, in turn, requires a change in the
lenses or the baseline, with a possible system re-calibration for the entire LF capture system.
One possible solution is to scale the volume of the ROI in a way to simulate the zooming
effect without the need to change the capture system [23]. However, this may result in the
degradation of the visualized content as it enters the blurry regions of LFDs.

Considering LFDs, some contents are impossible to display, even when captured
virtually. As an example, let us take the case of visualizing very detailed tiny objects—such
as molecules—captured by virtual static LF cameras. In this case, the need to zoom in to
visualize the content more clearly is evident. However, doing so results in deteriorated
visualizations due to severe blurriness. Another attempt is to visualize the content at a
distance while scaling it up to avoid zooming in, but then the spatial resolution is affected,
leading again to blurriness. Furthermore, adding dynamic LF cameras to this situation
may further degrade the quality of visualization, as it may introduce dizziness and fatigue
through the camera motion itself.

7.3. Quality Assessment

One of the major factors to consider when assessing the quality of LF camera animation
is the display on which the test stimulus is visualized. Hence, the limitations of LFDs affect
the quality assessment of the captured camera animations.
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Subjective tests on LF QoE are typically performed in controlled laboratory environ-
ments. Control is necessary in order to maintain the validity of the collected ratings and
user input. It extends to every relevant parameter of the environment, such as lighting
conditions and the isolation of external distractions (e.g., external sources of sound and
light). While the size of the accommodating environment (i.e., the size of the room where
the test takes place) is not always essential to many research efforts on visualization quality,
for LFDs, it is particularly important for two reasons. First of all, in the case of high-end
displays, the investigation of viewing distance may be limited, as a high angular resolution
may support a maximum viewing distance greater than the size of the actual environment
(i.e., the corresponding dimension of the room is smaller). Secondly, the measurement
methodology may allow free movement within the VVA. In this case, a similar limitation
may apply, as the environment may not be able to fully accommodate the entire VVA.

Another major limitation of assessing LF animations is the fact that the assessed
animations are mostly virtual ones, since capturing real LF camera animations by means of
LF capture systems is almost impossible at the time of writing this paper.

7.4. Capture and Display Hardware

Considering wide-baseline LF capture systems, the extensive weight of the camera
arrays poses a major problem on portability. Accordingly, for dynamic motions, capturing
rigorous movements for wide-baseline LFs is practically impossible, in addition to being
overly expensive to deploy camera rigs accommodating the huge camera array setup.
Additionally, more issues arise per each use case. Let us consider a case where a camera
array setup is being used to shoot a car chase scene while other cars on the street are moving
by. Not only does the setup poses the threat of outweighing the weight of the vehicle, but
also there is a possibility of the setup colliding with other cars or road entities by accident
since it consumes a huge space, exceeding the dimensions of the car itself.

Due to the angularly selective nature of LF visualization, the perspective of the content
depends on the viewing angle. This is very useful in most cases. For instance, simulating a
theater model on LFDs [144] conveys an experience similar to that of a real theater with
many simultaneous spectators. However, in some cases, having a visualized content that
depends on the viewing angle can result in certain issues. In essence, two observers looking
at the same screen are rather likely to see different contents. These are the scenarios where
using a 3D multiview display may actually be beneficial, as every single observer perceives
the same perspective.

Regarding the sharp rendering regions of the display hardware, one may overcome this
limitation by issuing constraints regarding content depth, as well as by creating a system
that has an inherently lower depth budget. However, this is rather counterproductive, as it
negatively affects the realism and 3D nature of visualization. On the other hand, it may
actually prove beneficial in certain contexts. For example, in the case of a third-person
camera, the entity of interest is visualized in a notably sharper manner than its environment,
creating a sense of focus.

8. Potentials
8.1. Use Cases

Since LFs are the closest to simulating the HVS understanding and interpretation of
the real world, such displays have great potential in a variety of applications. Regarding
medical imaging, crucial information is sometimes missed using 2D methods, such as
multiplanar reformations (MPR). This issue is overcome by means of various solutions of
3D visualization, offering more detailed information in many fields by creating high-quality
3D volumetric renderings [178–181]. Similarly to other 3D technologies, LFs have great
potential in many aspects of the medical field, among which is radiology [182]. The ability
of LF cameras to capture the complete information of the scene is beneficial for the medical
field, in addition to using dynamic cameras such as orbiter cameras [183] to capture a full
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image of the analyzed medical content (e.g., organ). On the other hand, zooming in on
LFDs is limited, as it results in deteriorated content visualization.

Due to the ability to convey more information compared to 2D displays, LFDs can be
used for specialized training. Furthermore, it is suitable to use for educational purposes
(e.g., higher education), where the internal structures of complex machines or even the
human body can be visualized [142,184]. Accordingly, for such cases, high 3D quality
should be conveyed to encompass all the complete details. Depending on the use case,
a static camera or dynamic camera can be used, all of which should take into account
capturing and displaying the corresponding information with a certain aspect of detail
while avoiding blurriness.

Unlike the case of using smartphones and digital dashboards for driver assistance
applications [185–188], LFD utilization can be extended to include driving simulations.
Since the ultimate goal of LFDs is to provide a window to the 3D world—achieving realistic
3D perception—LFDs are excellent tools to perform driving simulations, mimicking the
real world. In that case, LF camera animations simulating that of a camera attached to a
vehicle should be investigated. Additionally, LF visualization technology may be directly
used in actual vehicles as a 3D windshield [189].

8.2. Visual Content

LF camera animation can greatly affect the plausibility of the visualized content. As
previously mentioned, certain camera animations can lead to the deterioration of the final
output, such as first-person cameras and zoom-in camera motions. One possible solution
to overcome the first-person camera issue is to render the scene from the third-person
camera perspective, and then cull the part of the scene facing the observer until the main
entity is removed, hence, giving the perception of the first-person camera with a little bit
of a zoom-out effect to avoid blurriness. An alternative approach is to use transparent
rendering instead of culling, but this takes more time to process.

The angularly selective nature of LFDs (i.e., the perception of visual information
depends on the viewing location) can be an issue for some applications. This could be
partially solved by moving the camera in a way to reveal all information captured from
all directions for all users. As an example, let us take a side-standing playing card where
either the front or the back of the card is displayed to the user, depending on the current
location. In such a case, the camera can be rotated around the card to capture it from the
opposite direction, such that the other missing information is conveyed to the user; hence,
ending up with all users perceiving the same information. This could be integrated in
many applications, such as prototype reviewing and medical imaging, where an orbiter
camera [183] could be used. The utilization of an orbiter camera in medical use cases is
illustrated in Figure 6.

Figure 6. Orbiter camera for medical use cases.

It is possible to take advantage of the angularly selective nature of LF visualization.
For example, in the case of split-domain gaming [59,143,190], the VVA is split into different
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domains in which the different user perspectives (i.e., player interfaces) may be perceived;
thus, everyone only perceives their own interface. Such a solution may benefit from camera
animation (e.g., the panning camera of turn-based and real-time strategy games); however,
the core concept is fully implementable without any camera animation. Conventional
split-screen gaming (vertical and horizontal division) and LF split-domain gaming are
compared in Figure 7. The primary advantage of the latter is that unlike in the case of
split-screen gaming, the entire screen is allocated to both players simultaneously. The
overlapping region (also known as the separation zone) is considered to provide invalid
LF, as the two user perspectives interfere with each other. Evidently, any viewing position
outside the FOV is similarly considered to provide invalid LF.

Screen of the display system

Player 1 Player 2

User perspective

of Player 1

User perspective

of Player 2

Screen of the display system

Player 1 Player 2

User perspective

of Player 1

User perspective

of Player 2

Screen of the display system

Player 1 Player 2

Domain of

Player 1

Domain of

Player 2

Separation

zone

Invalid light field Valid light field Valid light field Invalid light field
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light field

User perspective

of Player 1

on the entire screen

when viewed from

the domain of

Player 1

User perspective

of Player 2

on the entire screen

when viewed from
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Player 2

Figure 7. Vertical split-screen gaming (top), horizontal split-screen gaming (middle), and LF split-
domain gaming (bottom).

8.3. Quality Assessment

Possibly the greatest advantage of LF camera animation for quality assessment is
the broadening of investigated contents and scenarios. For example, an earlier study on
cinematic setup [69] was conducted by using static contents, and LF videos in various
works [75,191,192] exclusively used static cameras.
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In order to assess the quality of interactive use cases such as gaming, LF camera
animation may be necessary. While this may fundamentally depend on the investigated
gaming genre, it is important to explore such challenging forms of LF visualization, as the
primary goals of LF quality assessment not only include the subjective evaluation of LF
visualization but also the proposals for degradation mitigation and resource optimization
(i.e., perceptual coding).

8.4. Capture and Display Hardware

Most of the limitations of capture LF systems are related to wide-baseline imple-
mentations due to their issues regarding portability and cost. In contrast, dynamic LF
narrow-baseline cameras can be used in research contexts and use cases without having
considerations for such limitations. Furthermore, since most limitations are more concerned
with the display systems rather than the capture ones, different camera motions may be
investigated for narrow-baseline systems without directly relying on LFDs for content
validation. For example, it is possible to take a certain view for all captured scenes in a
dynamic camera movement and then display them consecutively as one video to evaluate
the captured content without the need of LFDs.

A notable potential of camera animation is enhancing the captured scene with pre-
defined changes in the perspective, which may be essential for multiple aspects of tech-
nology utilization, such as story telling. When using LFDs, two types of motion should be
considered: (i) LF camera animations of the content and (ii) the movements of the spectators
within the VVA of the LFD. It is possible to have them both simultaneously, such as in the
case of digital signage. In certain scenarios, the direction of viewers’ movement may be
well defined (e.g., LF unit of digital signage placed along a one-way road). If the display
hardware provides a smooth horizontal parallax via high angular resolution, the camera
animation may exploit the context to make visualization more impressive and appealing
(e.g., designing content that takes into account the estimated change in viewer perspective).

9. Future Research Efforts
9.1. Use Cases

In order to extend their usage in various fields, real-time rendering for LFs is essential.
For visually plausible content, multiple views need to be rendered for a single scene.
This further necessitates the utilization of compression techniques—exploiting the spatial
coherence between neighboring views. In addition to spatial coherence, temporal coherence
needs to be investigated between the same views of the scene when using dynamic cameras.
For example, Figure 8 illustrates the truck LF camera movement, capturing 30 views of the
classroom scene [20], arranged in a 5 × 6 grid. As shown in Figure 8, the spatial coherence
between consecutive views is indicated by yellow arrows, while the temporal coherence
between the same views across the different frames is indicated by the brown arrow.

Figure 8. Types of image compression across two consecutive frames captured using a virtual LF
camera with truck movement [20].
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LFDs offer great potential for digital signage. They are widely used across the globe for
commercial and other purposes. In the case of using LFDs for digital signage, the glasses-
free 3D nature of the visualization technology may add great value to the use case, as such
visuals may easily grab the attention. For this use case, a simple static LF camera is sufficient
to create the desired visual effect without further complications. However, for a more lively
experience, dynamic LF camera motions should be further investigated for digital signage,
while studying their relations with the movements of vehicles and pedestrians.

Even though different attempts succeeded in implementing an LF telepresence by
using prototype LFDs [83,84], dynamic camera animations—mimicking that of a handheld
camera to simulate mobile video calls—should be investigated.

Angular super resolution may play a significant role in many of the potential use cases.
For example, it may greatly enhance the 3D visual experience of LF cinematography and
digital signage. In certain professional contexts, it may also benefit task efficiency; however,
this is yet to be investigated.

9.2. Visual Content

As stated before, the general rule is that the more the parameters of the content match
the capabilities of the display, the less degradation visualization suffers. Therefore, captur-
ing display-specific LF contents (i.e., the content is created specifically for a given LFD) may
avoid the potential losses in quality. Accordingly, the same content should be visualized
on different LFDs with LFs matching that of the capturing system; including systems with
narrow- and wide-baselines, large and small screens, as well as with deteriorated and
enhanced spatial resolutions. This large pool of the different LFD categories is able to
generalize the plausibility of visual content. In this context, research may be initiated by
using static LF cameras, and then followed by dynamic LF cameras.

Another factor to consider with respect to visual content is the lighting conditions
of the scene or object. This is particularly important for wide-baseline real LF capture
systems, as light is perceived from different positions and angles of the scene for a single
viewing position. As an example, let us consider the case of specular lighting on a sphere,
captured by a wide-baseline camera system. In the case of static cameras, the light would be
perceived differently with respect to each camera, while in the case of dynamic cameras, this
would change drastically as the camera position greatly affects the lighting conditions in
scene. The relation between camera position and the lighting of the scene should be further
investigated for the wide-baseline LF capture systems; both statically and dynamically.

In the context of LFDs, spatial resolution is measured by the display’s capability to
produce fine details for the rendered content [193], attainable by increasing the angular
resolution of the display. This is achieved by increasing the number of rendered views
for a single scene. For more complex scenes, this could be burdensome due to the huge
data storage required. Although compression methods for LFs have long been investigated
(as shown in Section 4), the possibility of rendering the animated entities in a scene while
ignoring the background should be further studied.

Possibly the greatest drawback of an LF content with angular super resolution is
the immense size, as the angular density needs to be high enough to satisfy the criteria
specified in Section 4. This characteristic, of course, not only affects storage requirements
but also transmission and processing, not to mention the difficulties of capturing such
via real cameras. On the other hand, creating LF contents in angular super resolution via
rendering is a much more straightforward task, since the camera is virtual.

A major aspect to consider when dealing with visual content on any display is the
Turing test. Originally, the well-known Turing test was suggested by Alan Turing in
1950 [194] under the name of “Imitation Game” to check whether a machine could perfectly
imitate human beings. The idea of the test was to check the ability of humans to differentiate
a human-to-human conversation from a human-to-computer one—or rather the ability of a
computer to simulate a human conversation. In the context of visualization technologies,
the Turing test was proposed to be adopted for 3D displays. This basically signifies the
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ultimate goal of LF visualization, which is to become indistinguishable from the real
world [195]. Hamilton et al. [196] created a framework for an LFD-related Turing test, in
which certain visual characteristics must be reached to satisfy human visual acuity [197,198].
In order to achieve the goal of the framework, a tremendous amount of data—capturing
not only the various views of the scene but also trillions of pixels to obtain the necessary
resolution values—is required. This poses a challenge on the LF capture system, specifically
for dynamic camera movements. Accordingly, LF camera animation should be taken
into account with respect to the Turing test. In other words, the additional requirements
related to dynamic camera motions compared to static cameras must be satisfied in order
to successfully pass the Turing test for LFDs. Generally, LF camera animations should be
able to capture the scene as realistically as possible. For example, motion blur should be
accounted for in the animations to simulate real life, in addition to other factors, specifically
of the HVS. In order for LF visualization to pass the visual Turing test, both image resolution
and angular density must reach sufficiently high levels. Looking at the long-term evolution
of the technology, LFDs aim to provide perceptually perfect replicas of the real world.
The first milestone of such a grand scientific achievement is evidently of a static nature;
however, the subsequent goals will eventually cover camera animation as well, which
is expected to add new layers of difficulty via many of the considerations elaborated in
this paper.

9.3. Quality Assessment

The vast majority of studies on LFDs thus far focus on perceptual thresholds and
personal preference [59]. The future research efforts shall address immersion, interaction,
HCI, viewing conditions, perceptual fatigue, and many more. It is important to highlight
that for most research efforts not only the content was static but the camera as well. Even if
the test stimuli were LF videos, those contents completely avoided camera animation.

Many of the general future research directions are applicable to LF camera animation.
Immersion is relevant, as issues related to specific forms of camera animation may break
the immersion instead of enhancing it. Interaction and HCI are particularly important for
gaming but also essential for many other engaging use cases where camera animation is
utilized. The viewing conditions can be greatly diverse among the different usage contexts,
ranging from the fixed perspective of cinematography (i.e., the viewer watches the entire
content from a given position) to highly mobile ones such as digital signage (i.e., the indi-
vidual moves by the apparatus). Finally, perceptual fatigue is of key importance, especially
considering effects such as dizziness or the loss of focus. After all, numerous contexts may
necessitate extended periods of uninterrupted usage—particularly professional ones.

There are numerous important research questions associated with angular super
resolution. First of all, the different perceptual thresholds must be exhaustively studied
at different viewing distances and other viewing conditions. It is also vital to investigate
the phenomenon of shifting between such high angular resolution and lower values and
how it may affect the various content types. It is possible that one may need to rely on
trade-offs in order to achieve angular super resolution. In such a case, the impact of the
trade-offs should be examined both independently and in conjuncture with the achieved
angular density.

Regarding the standardization of LF QoE, according to the current IEEE
recommendation [60], the viewing distance threshold is defined as

VDT =
ID

tan(AR)
, (1)

where ID is the average interpupillary distance, and AR is the angular resolution of LF vi-
sualization. This threshold defines the maximum theoretical distance at which two distinct
light rays with respect to a single point on the screen of the display may address the two
pupils—hence, enabling proper 3D perception of the visualized content without the need
for movement (e.g., sideways movement in the case of HOP visualization). Equation (1)
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accounts for the average interpupillary distance as 6.5 cm. However, in the context of
angular super resolution, the interpupillary distance should be replaced by pupil size, since
two distinct light rays with respect to a single point on the screen address only one pupil in
such case. In subjective tests that aim to study angular super resolution, various lighting
conditions and display brightness values should be investigated, as the size of the pupil
typically varies between 2 mm and 8 mm, depending on the intensity of the light. The novel
results that are to be obtained by subjective studies may provide the foundations of new
standards of LF QoE.

9.4. Capture and Display Hardware

Considering wide-baseline LF capture systems, the in-portability and cost of the
camera setup further complicates its usage in dynamic movements. This problem may
be tackled by using virtual cameras instead of using real cameras, simulating realistic
camera movements [1,3]. On that note, more LF camera animations need to be investigated
virtually and tested on LFDs.

Regarding real LF capture systems, future work including the manufacture of special-
ized rigs—supporting multiple cameras in the case of wide-baseline—should be considered.
This should take into account the different camera array setups, including the horizontal
placement of cameras in a line and an arc, spherical camera arrays, and 2D camera grids.
The weight and dimensions of the rig should be considered specifically for dynamic camera
motions: the impact of weight on camera motion; the effect of rig dimension (particu-
larly extreme sizes) on camera motion; and camera motions that should be avoided for
large-scale solutions.

As the vast majority of LFDs at the time of writing this paper are HOP, it would be im-
portant to investigate the differences in the perceived quality of camera animation between
HOP and FP solutions. As of now, camera animation has been solely implemented for HOP
visualization, and thus, no data regarding the visualization on FP systems are available.

Furthermore, in order to achieve angular super resolution for dynamic LF contents
via real cameras, the capture system must adhere to the requirements enforced by angular
super resolution (as detailed in Section 4), which, in turn, creates a particularly great
challenge. In essence, for camera arrays, the number of cameras along a line or arc is
constrained by the physical size of the cameras.

Regarding feasible super resolution for LFDs, Table 4 examines the characteristics of
different LFDs with regards to angular resolution and the associated maximum viewing
distance for angular super resolution. If we replace the average interpupillary distance
with the diameter of the pupil—which rages between 2 mm and 4 mm in bright light
and between 4 mm and 8 mm in the dark [199–202]—Equation (1) for viewing distance
threshold can be reformulated for angular super resolution as follows:

VDTSR =
PD

tan(AR)
, (2)

where PD is the diameter of the pupil. For this analysis, we used 8 mm for the threshold
calculation, as any viable viewing distance should be smaller than what is listed in the table.

Note that the table does not contain LFDs that are glasses-based (e.g., AR LFD [203])
and those that do not have their angular resolution values precisely specified (e.g., those
that simply state that “hundreds of views are supported” [204,205]). The angular resolution
values are expressed in the degree format, which means that the lower values indicate
higher density for distinct light rays. As explained earlier, the feasible viewing distance for
the utilization of the LFD in a given context should be smaller than the maximum viewing
distance for super resolution, as it assumes the darkest lighting conditions. If the diameter
of the pupil was taken as 4 mm, then the values in the table would be halved. Even with
8 mm, the maximum viewing distance does not exceed 1 m. While such displays may
be used in single-user scenarios, there are other factors that may impact feasibility. For
example, in the case of the HoloVizio C80 [206], as the large-scale LFD is a front-projection
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display, viewing the screen from the distance specified in Table 4 would potentially result
in invalid LF, as the observer’s body would block the light rays coming from the projector
array. Additionally, FOV and screen dimensions are listed in the table as well, since they
are also crucial to feasibility. For instance, if the viewing distance threshold is low, than a
low FOV can severely limit the VVA—and thus, the maximum number of simultaneous
observers and their mobility—which is already constrained. Regarding screen dimensions,
large screens are not necessarily made to be observed from a close distance and may come
with other limitations, as exhibited previously. Based on the available information and the
analysis above, we can conclude that LFD solutions at the time of writing this paper are
not feasible for use cases that incorporate angular super resolution.

Table 4. LFD characteristics for angular super resolution.

LFD Angular
Resolution

FOV Screen
Dimensions

Maximum Viewing Distance
for Super Resolution

Lume Pad 2 [207] 10.75◦ 86◦ 12.4” 4.21 cm

HoloVizio 80WLT [208] 1◦ 180◦ 30” 45.83 cm

HoloVizio 640RC [62] 0.8◦ 100◦ 72” 57.29 cm

Looking Glass
Portrait [209] 0.58◦ 58◦ 7.9” 79.03 cm

Looking Glass Go [210] 0.58◦
160◦ overall
/58◦ optimal 60” 79.03 cm

Looking Glass 65” [211] 0.53◦ 53◦ 65” 86.48 cm

Looking Glass 32”
Spatial Display [212] 0.53◦ 53◦ 32” 86.48 cm

Looking Glass 16”
Spatial Display [213] 0.53◦

150◦ overall
/53◦ optimal 16” 86.48 cm

HoloVizio 722RC [214] 0.5◦ 70◦ 72” 91.67 cm

HoloVizio C80 [206] 0.5◦ 40◦ 140” 91.67 cm

As for spatial super resolution, generally, 2D images captured by conventional cameras
have significantly higher resolution compared to LF images captured by LF cameras. In
efforts to solve the super resolution problem for LF images, multiple solutions are suggested,
including the usage of CNNs [215], subspace projection [216], and others. Most solutions,
however, consider static images without addressing LF camera animations. Consequently,
this shall pose greater challenges, primarily due to the huge amounts of captured data.

10. Limitations of the Work

One major limitation of our work is that at the time of writing this paper, achievements
and findings related to LF camera animation are rather scarce, as the first steps towards
the investigated topic have only been recently taken. This is partially due to the fact that
currently only a handful of research institutions have access to real LFDs, which greatly
limits the potential output. Furthermore, while LF camera animation is indeed relevant
for future use cases, many research efforts target more fundamental issues that are yet
to be tackled. Another limitation of our work is the lack of available data on LF camera
animation with visual contents captured by real cameras. Achieving the associated results
in the future may grant a more sophisticated perspective—empowered by objective data
and subjective ratings—for such a review.

11. Conclusions

In this paper, the implications, limitations, potentials, and future research efforts of LF
camera animation were discussed. We conclude that there are numerous research efforts to
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be conducted, as the investigation of the topic only began recently. Some of the limitations
are severe—particularly related to visualization blurriness—which may impact a great
number of use cases and deployment potentials. The creation of content databases for
research (i.e., LF videos with camera animation) is necessary for the efficient implementa-
tion of relevant subjective studies for quality assessment. Most of such content is expected
to be captured by virtual cameras due to the challenges related to real capture systems.
Eventually, real contents shall be necessitated as well, which requires the development of
novel capture solutions.

Section 9 is dedicated to the relevant future research efforts. As additional guidance to
what is already detailed in the section, the authors of this work would like to highlight the
importance of continuous, iterative testing on LFDs, which may provide valuable feedback
regarding the feasibility of LF camera animation in various use cases. However, as access
to LFDs at the time of writing this paper is rather limited, alternative solutions may be
explored (i.e., visualization of LF content on different display technologies). However, it
should be noted that while such research may indeed be viable, the obtainable findings may
be somewhat misleading, due to the inherent differences in the resulting visuals. Moreover,
testing should aim to address extended periods of usage as well, since slighter perceptual
impacts may accumulate over time. Finally, datasets dedicated to specific LFD models
(i.e., the characteristics of the LF dataset match the characteristics of the LFD) may be
preferable for numerous experiments, and the creation of novel datasets is encouraged to
accommodate commercially available LFDs.
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Abbreviations
The following abbreviations are used in this manuscript:

AFR Adaptive feature remixing
CNN Convolutional neural network
CTU Coding tree unit
EPI Epipolar plane image
FOV Field of view
FP Full parallax
HCI Human–computer interaction
HOP Horizontal-only parallax
HLRA Homography-based low-rank approximation
HVS Human visual system
GAN Generative adversarial network
LF Light field
LFCNN Light field convolution neural network
LFD Light field display
LF-DFnet Light field—deformable convolution network
LF-IINet Light field—intra–inter view interaction network
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MPI Multiplane image
MPR Multiplanar reformations
POV Point of view
QoE Quality of experience
ROI Region of interest
SAI Sub-aperture images
SADN Spatial-angular-decorrelated network
VVA Valid viewing area
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