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ABSTRACT
Light fields describe the amount and direction of light rays flowing through every point in space.
They allow reproducing different perspectives of a captured scene or a digitized object. This
is particularly beneficial for photo-realistic virtual reality scenarios. Unfortunately, practical
applications are still rare, as capturing and processing of information divided up in rich angular
and spatial details contained in a light field is difficult. To overcome this situation, this
chapter will describe algorithms and software solutions for both sparse and dense light fields.
At first, a complete pipeline from capturing and processing to rendering of light fields is
described. Light field capture is performed using a custom-built camera array. A node-based
processing solution in a professional post-production environment permits to steer the light
field reconstruction process for best achievable quality. The result can then be integrated into a
VR environment with the help of a game engine. In the second part of this chapter, possibilities
of neural networks to increase achievable rendering quality or reduce processing and capturing
efforts are explored in detail.

KEYWORDS
light field processing and rendering, depth image-based rendering, geometric calibration, real-
time rendering, neural light field algorithms, post production

9.1 Light field processing chain overview
Using the light field data captured by camera arrays for a practical application requires
an algorithmic processing chain that allows to interpolate between the different views.
This chapter focuses on multi-camera setups without active depth measurement. It is
assumed that all cameras are synchronized precisely and capture a dynamic scene at
interactive rates, i. e., larger than 30fps.

Fig. 9.1 depicts three possible processing pipelines. Image acquisition and camera
calibration is similar for all of them as precise calibration data is mandatory for all
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FIGURE 9.1

Multi-camera image processing pipelines for novel view synthesis from dense (left) and
sparse multi-camera setups (center & right). Solid lines indicate consecutive process-
ing steps; dotted lines represent results of a specific processing step.

subsequent steps of a reconstruction pipeline. Major considerations for the design
and implementation of suitable calibration methods will be discussed in Section 9.2.

The leftmost path of Fig. 9.1 depicts the case when a densely sampled light field is
available. In this case, re-sampling the plenoptic function results in the desired novel
view irrespective of any geometric information. Therefore, this type of rendering is
also known as “rendering without geometry” or "image-based rendering" [2–4]. As
the spatial sampling rate needs to be much higher than the physical spacing between
the individual cameras permits, this approach is only suitable for static scenes and not
for dynamic scenes. Instead of a regular camera array, a camera mounted on industrial
grade robotic arms can be used to capture a static scene with very high density [5, 6].

For sparse multi-camera setups, one of the central or rightmost paths of Fig. 9.1
labeled with "image based geometry" or "model based geometry" can be applied. The
central path depicts a processing pipeline that renders novel views using image based
geometry represented for instance by depth or disparity maps. Here, depth recon-
struction and optional depth refinement form the major processing steps. Typically,
the reconstruction step estimates an initial depth map for each input view using a set
of adjacent views as input. Pairwise stereo matching [7] yields a set of individual
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depth maps per view that need to be normalized and finally merged into a single depth
map. Subsequently, the resulting depth maps can be refined using a variety of filtering
steps. Such filtering may include occlusion checks that test geometric consistency
of this image based 3D model across a set of input views. Inconsistent pixel values
can be discarded and need to be concealed using methods such as cross-bilateral or
cross-percentile filters [8, 9]. The resulting refined depth maps should provide a depth
value for every pixel to avoid missing information in rendered images.

The rightmost path of Fig. 9.1 uses 3D models for geometry instead of images.
In this branch, a geometric 3D model, e. g., using surface reconstruction techniques
[10], is reconstructed. These approaches are able to close possible holes in the initial
depth maps allowing those to be sparser than for the previous methods. Surface
reconstruction aims to obtain a visual hull of the underlying scene.This is achieved by
projecting input disparity maps into a 3D point cloud, a subsequent fusion of nearby
points, and finally the creation of surface polygons [11]. Afterwards, this model (e. g.,
a mesh) forms the basis for subsequent refinement and simplification steps.

The image acquisition and camera calibration shown in Fig. 9.1 is common to all
these paths and is explained in the following section.

9.2 Image acquisition and geometric camera calibra-
tion

The overall image quality of any output image described above does not only depend
on the processing chain itself, but also on the quality of the input images. Besides
precise synchronization of all incorporated cameras including trigger, exposure, gain
and other parameters, colorimetric calibration might be required [12–15].

In addition to those pre-processing steps, efficient depth reconstruction using
stereo matching techniques requires precisely aligned images ("rectified images") as
it is assumed that corresponding pixels can be found in the same line of a horizontally
adjacent image or in the same column of a vertically adjacent image. Even a slight
misalignment can significantly degrade the quality of an estimated stereo disparity
map. As the required accuracy cannot be achieved solely by mechanical adjustment,
extrinsic and intrinsic camera parameters need to be determined [16]. Based on this
parameter set, rectifying homographies can be created for a whole set of cameras (in
case of a planar camera array) or individually for each pair of cameras. In the resulting
rectified images, corresponding points are located in the same row for horizontally
neighbored cameras, and in the same column for vertically adjacent cameras.

Determining the camera parameters requires a suitable camera model as well
as the basics of projection and re-projection. An overview of the image formation
process and camera models has been given by Schoeberl [17]. The concept of multiple
view geometry [18] describes the relations between corresponding pixels showing the
same object points in different images captured with one or several (pinhole) cameras.
Based on these principles, many authors have proposed algorithms that determine
position, orientation, focal length, lens distortions and other parameters of one or
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several cameras [19–29]. The reconstruction problem is typically formulated as a
non-linear optimization that minimizes the re-projection error between an observed
point and its re-projected 3D point.

The highest precision as well as a link to absolute metric units can be obtained from
active calibration methods that employ calibration objects such as checkerboards [25,
29]. However, even slight modifications to the camera setup can invalidate a parameter
set, hindering a later post-processing. Thus, active calibration techniques are not
optimal for simple use. In contrast to those active methods, Structure-from-Motion
(SfM) pipelines [30], for instance, do not require prior knowledge about the objects
contained in the scene. Hence they can compute both intrinsic and extrinsic parameters
from almost arbitrary images as long as they contain recognizable features [31] and
objects in different depths. To this end, SfM pipelines jointly reconstruct camera
parameters and a (sparse) 3D model of a scene. This requires capturing a (static)
scene from many different perspectives, preferably with a single camera.

For camera arrays, the estimation of the intrinsic and extrinsic parameters can
be simplified in case of a precisely manufactured and robust mechanical framework.
Thanks to a mechanically stable construction, first estimated values for the camera
parameters can be derived from the structural design. They include the focal length
of each camera, the ideal orientation as well as the ideal position of each camera. Due
to different types of deviations such as improper focal length or orientation, the real
configuration of any camera system will differ from these estimated value. Luckily,
for some parameters such as the position of each camera, deviations to be expected
are rather small. This knowledge can be translated into an additional constraint in
a non-linear optimization problem reducing the possible degrees of freedom (prior
camera calibration data in Fig. 9.1). In contrast to many other calibration techniques,
such a method can directly optimize for the remaining vertical error in stereo pairs
and neglects the position of a corresponding point in 3D space. Then, only the
orientations, relative focal lengths, and principal points need to be determined or
approximated [16].

Once the camera parameters have been successfully computed, the geometry of
the scene can be reconstructed as described in the following section.

9.3 Depth reconstruction
Reconstructing a dense representation from a sparsely sampled light field by depth
reconstruction techniques forms the central point of a light field processing chain for
sparse camera arrays. For each pixel in an image, the goal is to find all corresponding
pixels in all other views. The geometric relation between a pair of cameras allows to
derive which pixels can be potentially related. Moreover, once the related pixels have
been found, the distance between the cameras and the object point depicted by those
pixels can be computed. This gain allows to interpolate missing camera views.

Unfortunately, depth reconstruction is an ill-posed problem: stereo matching as-
sumes that a pixel (or a set of pixels surrounding the considered pixel) can be identified
unambiguously in a secondary view, e. g., by computing the sum of absolute differ-
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ences between a block in the primary view and all possible blocks in the secondary
view [7]. Such a cost function determines the similarity of two pixel sets. In an ideal
world, only the corresponding block in the secondary view will have zero difference.
However, this assumption is only true if the scene is composed of Lambertian objects
only and all surfaces are oriented directly towards the camera array. Otherwise, slight
changes either in the viewing angle or due to perspective distortions may create false
matches.

In addition to these constraints, occlusions need to be considered as well. A point,
being visible in a primary view might be occluded by some foreground object in a
secondary view. Thus, it is impossible to find the corresponding pixel. Hence, the
cost function will select any other point that suits the optimization criterion (minimum
cost function value) best.

Partially, pixels that do not have a valid correspondence in a secondary view due to
occlusion can be detected by occlusion testing: considering a pixel in the primary view
and its estimated correspondence in a secondary view, the estimated correspondence
of the pixel in the secondary view should point back to the considered pixel in the
primary view. Otherwise, the estimated correspondence is likely to be wrong.

In regard of these challenges, camera arrays benefit from the fact, that not only
one pair of cameras is available for correspondence search. For a single input view, a
plurality of possible secondary views are available to form a stereo pair. For example,
a camera in the corner of an array has one horizontal, one vertical and one diagonal
directly adjacent neighbor. A pixel in the primary view might be occluded in one of
the secondary views, but might be visible in another secondary view so that a proper
matching can still be performed. It is hence not important to interpolate pixels that
have been discarded due to consistency problems as other stereo pairs can be selected
to provide another set of reliable pixels that fill up unknown pixels. This procedure is
also known as disparity merging [32, 33].

Stereo matching performs best if the underlying scene is well structured with
natural textures that provide high contrast and uniqueness. "Flat" areas such as
homogeneous backgrounds and overexposed areas need to be avoided when capturing
a scene. A detailed introduction into this topic can be found in [7]. Looking at
the tables from well-known benchmarks like Middlebury [34] or KITTI [35] reveals
that the best-performing method often differs from scene to scene. In recent years,
state-of-the-art algorithms have increased in complexity [36–38]. Slight parameter
changes might improve the result on one scene, but could have a negative effect on
another. For instance, such parameters comprise the block size of a block matcher,
the threshold of a consistency test, or the kernel size or shape of a filter. In a practical
application, it is thus important to quickly find a proper set of parameters that suits
the current conditions of the scene and the cameras best (see also Section 9.4).

Once the initial disparity maps have been found, they can be further refined using
for instance bilateral filtering [8, 9]. Interestingly, experiments have shown that the
quality of a refined disparity map does primarily not depend on the complexity of
the initial stereo matching method, but more on the following refinement steps [39].
In special cases, stereo matching based on a very simple block matching algorithm
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can outperform more complex stereo matching methods such as ADCensus [40] or
Semi-Global Matching [41]. This is also beneficial from a computational perspective:
instead of executing a complex algorithm 𝑁 times to obtain 𝑁 initial results before
refinement, a simple yet computationally effective algorithm may save energy and
speed up the overall computation.

However, such an approach is only feasible in case a software environment allows
to fine-tune the parameters of the algorithm for a specific scene. The following section
provides some insights on such an interactive processing.

9.4 Interactive light field processing
As any modern media production requires some sort of post-processing, the employed
camera array as well as the implemented software need to be compatible with standard
production workflows. For example, this means that operations such as green-screen
keying or color grading need to be applied to all input streams. In the best case, one
set of parameters is sufficient to optimize the output of the keying operations. In the
worst case, however, the parameters need to be adjusted individually for every input
stream (e. g., if the raw colors differ from camera to camera).

This means that the underlying software needs to be capable of managing and
processing multiple input streams. In a later step, more complex visual effects such as
virtual backgrounds might be added or the processed material is being integrated into
a larger 3D world. All this is only possible, if the output of the different algorithms
can be understood and controlled by a user such as a post-production artist.

In this regard, traditional signal processing methods excel compared to AI-based
methods explained later on in Section 9.7 as those typically encode the light field in a
black box manner that is hardly accessible or adjustable with conventional tools. By
allowing for an interactive processing, an experienced user (e. g., a post-production
artist) can judge the obtained results based on his know-how. This user may then
modify and optimize the processing steps such that the final result meets their require-
ments. Clearly, this requires a software system that supports changes to the pipeline
and parameters. In addition, the software needs to provide intermediate results and
interactive modification options to a user.

Node-based software systems such as Nuke [42, 43], Fusion [44, 45], or Blender [46,
47] can serve these needs in a favorable manner. By default, such software contains
nodes for standard image processing tasks such as color correction, green-screen key-
ing, image filtering, image transformation, and more. In addition, they support many
different input and output formats and can often be extended by custom-designed plug-
ins. The basic functionality of this software in combination with additional plug-ins
forms an excellent basis for a flexible and user-configurable depth reconstruction
pipeline.

Realception [16, 48], a plug-in suite for Nuke and Unreal Engine [49, 50] developed
by Fraunhofer IIS, exemplifies such a node-based processing pipeline designed for
scene-adapted depth reconstruction from multi-camera arrays. In addition to depth
estimation and refinement operations, Realception also provides functionalities for
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FIGURE 9.2

Example processing node graph for interactive light field editing within Nuke [42, 43]
using the plug-in Realception [16, 48]. Initially, this graph reads a set of color images.
Step by step, the pipeline reconstructs and refines a disparity map for each input image
and renders a novel view.

image rectification and novel view synthesis. Nodes for cross-bilateral filtering or
cross-percentile filtering [8, 51] as well as nodes for geometric and photometric
consistency tests allow the improvement of the depth maps. Fig. 9.2 shows an
exemplary pipeline in Nuke where all nodes (grey rectangles) with an RC-prefix
denote Realception components. The pipeline first performs some pre-processing
steps and reconstructs and refines disparity maps. Finally it renders a novel view from
a light field input dataset. The principles to consider in this last step are discussed in
the subsequent section.

9.5 Light field rendering
Light field rendering or view synthesis is the process of generating a target view from
the captured input views. View synthesis can either be done by warping the pixels
of the input views to the correct position for the target view, or by first transforming
the input views into an intermediate representation (see Fig. 9.1). A 3D mesh as
geometry model introduced in Fig. 9.1 combined with a corresponding texture atlas
defining the color of each mesh point is an example for the latter. Novel views can
then be computed by projecting the textured geometry to the target view according
to the pinhole camera model. While this is heavily applied in computer graphics,
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Selection of source cameras and pixels. Every ray corresponds to a pixel.

light fields can preserve the view-dependent appearance. In other words, an object
point can change its color depending on the viewing direction which it is observed
from. Consequently, the texture needs to be view-dependent as well, leading to more
complex textures in the form of surface light fields [52, 53].

Alternatively, a texture less 3D geometry model can be used to identify for every
target pixel the associated source pixel showing the same object point as illustrated in
Fig. 9.3. These source pixels can be determined by projecting the intersection point
of the target ray with the geometry model back into the source views. The selected
source pixels need then to be blended into the target pixel value. Different object
locations (object 1 and 2 in Fig. 9.3) lead to different selected source pixels.

In case only an image based geometry is available, source pixels can still be warped
to the correct target view pixel based on depth or disparity maps. Together with the
intrinsic and extrinsic camera parameters, they define the location of the depicted pixel
point in 3D space. Finally, if no geometry information is available, such information
needs to be hypothesized. This however will quickly lead to rendering artifacts in
case the distance between the cameras is too large.

Thus, whatever rendering strategy is chosen, a light field view synthesis imple-
mentation needs to determine which source cameras should be selected to generate the
appearance of a desired target pixel. This is discussed in more detail in the following
section. Section 9.5.2 will then investigate which target view positions are admissible
to avoid missing information in the synthesized image.

9.5.1 Camera selection and blending
As pixel warping requires computation, efficient rendering algorithms try to select
relevant source images beforehand and neglect all remaining pixel information. The
first criterion to apply for selecting source cameras to be used for view synthesis is
frustum visibility. A camera whose field of view frustum does not intersect with the
desired target object point can be excluded from the set of possible source views for
this object point. Please note that this can only be decided when the location of the
target object in 3D space is known.
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Secondly, the source view should provide sufficient resolution for the desired
target view. Assuming identical intrinsic camera parameters (focal length, pixel size,
number of pixels, etc.), camera src4 in Fig. 9.3 cannot provide enough details for
object 1, simply because the distance between the object and the source camera is
much larger than the distance between the object and the target view.

Thirdly, as the appearance of an object point can change depending on the target
viewing direction, the angle between the source ray and the target ray should be as
small as possible. In case of general source camera placement, this decision depends
on the location of the object and the cameras in 3D space. For example, while camera
src4 in Fig. 9.3 has a smaller angle with the target ray than camera src2 for object 1, it
is the opposite for object 2 despite corresponding to the same target ray. Only when
the source views are located on a convex or concave surface and a target ray does
not intersect this surface more than once, the source camera selection based on the
viewing angle is independent of the object location and only depends on the source
and target view positions. This represents a great benefit for regular camera arrays.
Please also note that for src4 and object 1, the resolution and the angle criteria come
to contradicting conclusions in regards of preference compared to camera src2. This
makes camera selection a challenge.

Finally, all those cameras in which a desired object point is occluded need also to
be excluded from the set of possible source views. Again, this can only be decided
when a precise 3D model of the scene is available.

Given that the camera selection depends on the scene geometry, several view
synthesis approaches use a proxy mesh during the rendering process. This holds in
particular for more irregular camera placements during capture [2, 3, 54]. For video
applications, this would however cause a huge computational burden, as mesh creation
is still computationally intensive. Consequently, in such applications more regular
camera placements are employed, simplifying both frustum visibility, resolution, and
angular camera selection [55–58]. Only the occlusion analysis still requires a 3D
model. This can be avoided by rendering from all available source views, and then
discarding not needed ones on an individual decision for each target pixel. Obviously,
this comes with a significant computation cost when the number of source views is
large.

9.5.2 Observation space for planar arrays
Even when following the above principles, the target views cannot be placed arbitrarily
in 3D space. Instead, they need to be located in an admissible observation volume
as exemplified for a single object point and a planar light field array in Fig. 9.4.
Supposing that the object point intersects the field of view frustum of every camera,
the possible target views need to be located in a pyramid whose cone end is defined
by the object point. Target views located outside of this pyramid correspond to an
extrapolation, which is prone to disocclusions and hence rendering artifacts in case
of insufficient inpainting. Please note that according to the previous section, target
cameras should not be closer to the object point than the source cameras to avoid
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object point
pentagonal
light field array

FIGURE 9.4

Admissible target view volume for a single object point and a pentagonal planar light
field array. Each corner corresponds to a camera position.

a resolution loss. In other words, target cameras should be situated in the pyramid
part that is shaded in a darker tone in Fig. 9.4 in case target views with insufficient
resolution are to be avoided.

Having not only a single object point, but a complete volume containing the objects
of the scene, the admissible observation volume for the target views can be computed
by intersecting the pyramids whose cone ends are the extreme points of the scene
volume. In practice, this can be done by means of software libraries such as [59] that
are able to compute polytopes based on inequalities.

Fig. 9.5a depicts a corresponding example for a scene located in a volume with a
height of 2 m, a depth of 3 m, a front width of 1.4 m and a back width of 3 m. The
minimum distance between the camera array contained in the admissible observation
volume and the scene is 2 m. The vertical position of the camera array has be set in
such a way that an observer whose eye height equals 180 cm can move in negative
z-direction as far as possible. In the shown example, this equals to -27 cm as depicted
in Fig. 9.5b. It shows a magnification of the admissible observation volume. In case
the target view position moves more into negative z-direction, this induces a risk of
occlusions.

In summary, light field rendering requires both a careful capture and rendering
setup. How this can be achieved in practice in a real-time manner is subject of the
next section.



9.5 Light field rendering 13

0 200 400
z

100
0

x

-100

0

50

100y

150

200

scene
volume

140cm

admissible
observation

volume

300cm

300cm

200cm

(a) Example scene volume with a depth of 300 cm and a volume height of 200 cm.
The front width of the volume is 140 cm, the back width 300 cm.

-20 -10 0 10 20
z

50

0

x

160

165

170y

-50

175

180
27cm

21cm

camera
plane
(array)

98cm
104cm

(b) Admissible observation volume for a camera array with 3 rows, each having
10 cameras. The horizontal and vertical distance between the cameras equals 12 cm.
The scene volume is located in positive z-direction in a distance of 2 m. The light-
gray plane corresponds to the position of the camera array. Its height is 24 cm.

FIGURE 9.5

Admissible observation volume for a planar light field array.
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9.6 Real-time rendering in game engines
With an increasing popularity of computer gaming, the wide-spread use of state-of-
the art game engines such as Unreal Engine [49, 50] or Unity [60, 61] comes to no
surprise. These engines are not only invaluable tools for the creation of new games,
but rather have long surpassed their use as pure 3D game engines and continue to
evolve beyond their original purpose. By now, game engines are a tool of choice
for a plethora of digital use cases such as the creation of tech demos, architectural
visualization, simulation, education, or as powerful 3D creation platforms for aspiring
visual artists [62–67]. In the pursuit of ever-increasing graphical fidelity, methods
for integrating photorealistic content into CGI environments are becoming more
popular, photogrammetry being one of them [68]. This section will introduce two
approaches for the seamless integration of light field footage into virtual environments
by rendering new and physically coherent perspectives in real-time.

9.6.1 Pixel-based depth image-based rendering
As already discussed in the previous sections and outlined in Fig. 9.1, there are
multiple ways for achieving a novel view synthesis when using multi-camera setups.
In case a 3D geometry model is not available, pixel-based depth image-based rendering
yields promising results [16, 39]. The possibility of high parallelization through GPU
acceleration of the required pixel-based calculations makes this approach especially
feasible for real-time applications such as virtual reality (VR) experiences. This
allows for the integration and composition of real-world light field content into CGI
environments where the necessary views are rendered in a perspectively correct
fashion. The actual composition is realized by employing an intermediate screen
element which displays a reconstructed view of the light field that is rendered w. r. t.
the viewer’s current position. The whole processing chain for this rendering approach
consists of four components, as outlined in Fig. 9.6.

The input is expected to be 𝑁 color images and corresponding disparity maps –
one for each camera. In a first step, called forward warping, all disparity maps are
warped to the camera pose of the target view (see Fig. 9.7, left image). This is done by
calculating the pixel position of each source pixel on a new, empty map with the same
dimensions as the source map and copying their respective disparity values, resulting
in 𝑁 warped disparity maps. Pixel positions that are outside of the image boundaries
are discarded. Special consideration needs to be given to the fact that multiple pixels
of a disparity map can be warped to the same target position. In practice, this is often
the case when objects occlude each other. Since pixels with higher disparity values
in the source disparity map correspond to objects that are closer to the camera, one
straightforward approach is to prioritize the source pixel with the highest disparity
value while discarding all others in case of a warping conflict.

After forward warping, an optional filtering step can be applied to improve the
quality of the warped disparity maps by reducing artifacts such as speckles caused by
missing or incorrect disparity values in the source maps. Also, since the target pixel
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FIGURE 9.6

Overview of the pixel-based depth image-based rendering pipeline.

positions are discretized, gaps can occur when content is stretched by the warping
process.

The following backward warping step can be seen as a texture fetching operation,
as it relies on the forward warped disparity maps to get the color information for
each target pixel by looking at the corresponding pixel locations in the source images.
When attempting to access the color of a source image at a non-integer pixel position,
an interpolation using the surrounding pixel values is conducted. The results are
exemplified in Fig. 9.7 in the middle image.

After backward warping, one last blending step combines the backward warped
color images to a single target view (Fig. 9.7, right image). Special consideration
needs to be taken during the implementation of the blending step to ensure proper
handling of occlusions and depth conflicts. Usually, not all 𝑁 backward warped color
images are used, but rather a selection of source views with the least Euclidian distance
to the target position, as these views typically show less artifacts, interpolation errors,
and occlusions compared to warped images from camera positions that are farther
away from the render target. Since a distance-based cut-off criterion for source image
selection leads to abrupt changes in the source view selection when the target position
is moving through a scene (see Fig. 9.3), the application of a Gaussian distributed
weight for each view is a more sensible approach. With this, smooth blending
transitions between source view contributions are realized.

9.6.2 Implementation in Unreal Engine
The pixel-based depth image-based rendering approach as described in Section 9.6.1
can be implemented in Unreal Engine, while using GPU-accelerated compute shaders
to facilitate real-time view rendering of video light field content for VR experiences
[48, 69]. GPU acceleration of the rendering is crucial since the intended use in VR
applications requires rendering with at least 90 fps, leaving a maximum time window
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FIGURE 9.7

Left: forward warped and filtered disparity map. Middle: corresponding color image af-
ter backward warping using one source camera. Right: final render result after blending
multiple backward warped color images together [16]. Both middle and right images
are shown before compositing with a potential background which would smooth the
sawtooth-like object borders.

of 11.1 ms until the whole light field rendering pipeline has to be completed.
To enable a fast rendering with minimal delay, static memory blocks for both input

(RGB images and depth maps) and output are set up in the form of texture buffers that
new data can be streamed into or read from in an asynchronous way. One advantage
of this texture buffer approach is the capability to also play back videos by constantly
streaming new data into the input buffer. The implementation uses a cyclic double
buffer, one for RAM and one for VRAM so as to enable smooth streaming from a
comparatively slow (SSD) hard disk drive into the GPU memory. Since the render
target is also a texture buffer, this buffer can be assigned as material for any object
inside the CG world, enabling this object to serve as display for the most recently
rendered view. This object can also be considered as a screen or a light field display
inside the virtual environment. With minor adjustments to the computations done in
the forward and backward warping, this object can have various shapes, e. g., a sphere
or cylinder, and could then also be used to accurately display footage from non-planar
arrays, capture domes, or free-hand footage of static scenes. But in the basic use case,
when processing data recorded by a planar light field array, the object has the shape
of a plane, resulting in a flat light field display with similar properties like a window.

One remaining challenge of this VR-based approach is that the user and conse-
quently the pose of the rendered target view can be freely chosen. This requires a
proper handling of render poses that are not covered by the source footage because
they are outside the admissible observation volume (c. f. Section 9.5.2). This can
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FIGURE 9.8

Real-time rendering of a light field dataset and integration into a virtual scene using
Unreal Engine. The light field video data was captured by a planar 4 × 2 camera array;
camera positions are marked in red. The wall around the window (green) blocks viewing
angles from outside the admissible observer space. The blue rectangle surrounds the
rendered content which is placed "inside" the virtual room [16].

be solved by placing a virtual wall or other opaque objects around the light field
display. They naturally block viewing positions and angles from outside the admis-
sible observer space, ensuring valid view renderings from any target pose. The light
field display hence represents a window through which the captured content can be
watched. This represents an intuitive way of blocking unwanted viewing directions
and is easily understood by users, enhancing the feeling of immersion. Fig. 9.8 visual-
izes this concept with an example. The window analogy holds for all relevant aspects
of the rendering, as long as the content displayed by the light field is physically placed
behind the display, i. e., the light field display should be located between the viewer
and the rendered content.

9.6.3 Mesh-based rendering for view-dependent effects
Render pipelines for meshes are highly optimized on GPUs to deliver remarkable per-
formance for ambitious video game productions. Such pipelines can be extended with
image-based rendering techniques for real-time applications to combine the benefits
from both worlds for novel view synthesis. The open-source toolkit COLIBRI VR [70]
aims to provide a mesh-based implementation for image-based rendering for VR
content creators who use the Unity game engine. Any collection of photographs
with either image or model based geometry representation (c. f. Section 9.1) from
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(a) Diffuse texture (b) View-dependent texture

FIGURE 9.9

Comparison between diffuse texture map and view-dependent texture mapping using
the unstructured lumigraph rendering from COLIBRI VR for the same mesh in the Unity
game engine. Using the diffuse texture, the metal bars look flat and unreal. The view-
dependent texture can better represent the Non-Lambertian surfaces.

COLMAP [30] can be transformed into virtual environments by the custom render
pipeline. The main feature of this toolkit is to preserve view-dependent effects like
specular highlights from the original images and with that, to achieve an accurate
rendering of the reconstructed object surface beyond a diffuse texture map as shown
in Fig. 9.9. Two different real-time rendering solutions are implemented for still
photographs.

The first one is based on the unstructured lumigraph rendering algorithm [2] and
requires a global mesh. The key element of this method is an angular and resolution-
based blending function to achieve the view-dependent texture mapping. The mesh
is being used as a geometry proxy to compute the blending weights. Source cameras
with a location nearby a visible vertex and a viewing angle close to the target view
will be assigned a higher weight compared with farther away or even occluded ones.
The weights are computed in the vertex stage of the render pipeline (c. f. [71] for an
overview of a conventional 3D graphics pipeline) for each source camera where all
vertices of the mesh are being processed before the actual primitive assembly. In
the fragment stage, the blending of the colors is done after the rasterization of the
primitives to compute the final data for the rendered pixel.

To avoid interpolation of the weights between the different pipeline stages, both
steps are additionally implemented as a standalone fragment shader which gives near
ray tracing quality based on per-pixel weights. However, due to performance reasons,
the actual number of relevant source cameras that contribute to the rendering are
just a fraction of the original input and are mostly limited by hardware restrictions.
A drawback of this rendering method are the visible ghosting artifacts caused by
inaccurate camera calibration or mesh reconstruction.

The second implementation relies on per-view meshes using depth maps similar
to [72]. A triangulation produces local meshes with mesh primitives covering several
pixels. Those mesh primitives are generated in such a way that loss of accuracy
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(a) Rendering from original local mesh (b) Rendering from filtered local mesh

FIGURE 9.10

Local mesh topology can be filtered to compensate stretching artifacts at disocclusion
boundaries.

during view rendering can be avoided. As shown in Fig. 9.10, only at disocclusion
boundaries, stretching artifacts are likely to appear which can be eliminated by the
user with the toolkit.

For the rendering, the per-view meshes must be processed successively with a
custom depth test to blend the projected colors at the target view. Otherwise, artifacts
will appear at rendered occlusions if the depth order is not being considered. The
blending weights are similar to ones used in the unstructured lumigraph rendering
pipeline and therefore preserve to some extend view-dependent effects. The biggest
challenge for this method is the geometric inconsistency that cannot be resolved on
per-view basis and must be handled during the blending step.

9.7 Neural rendering and 3D reconstruction
After having introduced different light field processing and rendering pipelines using
procedural signal processing, this chapter will focus on data driven methods. Sec-
tion 9.7.1 starts by introducing learning-based architectures that follow the structure
of procedural processing pipelines using an image based geometry representation.
Afterwards, algorithms using implicit geometry representations are introduced in
Section 9.7.2. These approaches differ more significantly from the concepts dis-
cussed so far, in that information is not stored in a discrete form anymore but as
approximating functions. Finally, Section 9.7.3 shows how neural representations can
also be applied to rendering concepts that rely on model based geometry.
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9.7.1 Neural network-based rendering for light field angular
super-resolution

This section will explain the image-based rendering (IBR) and depth image-based
rendering (DIBR) approaches as illustrated in Fig. 9.1 which rely on neural networks.
These approaches are particularly well suited to increase the limited angular resolution
of plenoptic light field cameras [73].

Inspired by the success of deep learning for the task of single-image super-
resolution (SR), different IBR methods for light field rendering emerged. Yoon et
al. introduced two shallow convolutional neural networks (CNN), each consisting of
three convolution layers, to sequentially interpolate both spatial and angular resolu-
tion [74]. Similarly, Gul et al. proposed utilizing the raw lenslet image correlation
for spatial and angular resolution enhancement [75]. Exploring alternative represen-
tations, Wu et al. [76] and Wang et al. [77] reconstruct novel views of the light field
by increasing the resolution of the epipolar images using a 2D CNN and a network
consisting of both 2D and 3D convolutions.

DIBR methods synthesize novel views based on the recovered underlying geome-
try, such as depth. Kalantari et al. proposed the first end-to-end neural network-based
method to mimic the conventional DIBR pipeline using convolutional neural net-
works [78]. The whole process is divided into two steps: depth estimation and color
reconstruction. They proposed to reconstruct a dense light field using only four corner
input images. First, they extracted features by calculating the mean and variance of
the warped input images at discrete depth values. Then, a convolutional neural net-
work processed these extracted features to estimate a disparity map at a novel target
position. Based on the estimated geometry (i.e., disparity map), all four input views
are warped to a target location which is then fed into another convolutional neural
network synthesizing the final target view. As opposed to single view rendering in
Kalantari’s approach [78], Jin et al. [79] proposed a simultaneous reconstruction of
all light field views. Following the two-step process, a CNN-based depth estimation
module estimates the 4D light field depth maps to warp the input images to generate
warped light fields. Then, a novel light field blending module composed of spatio-
angular separable (SAS) convolutions [80] generates the final dense light field. A SAS
convolution performs a 4D convolution by implementing a sequence of interleaved
2D convolutions (namely 2D spatial and 2D angular convolutions). In contrast to
using four corner views, a dense 4D light field rendering from a single image is also
possible; however, the quality of the rendered views suffers. Srinivasan et al. [81]
estimate the 4D depth map from the center image using a nine-layer CNN consisting
of dilated convolutions. Then a 3D convolution-based residual network renders the
final light field by processing the warped light field generated using the estimated
depth maps. Deviating from a two-step process, Navarro et al. [82] model the view
rendering pipeline into three networks, namely feature extraction, depth estimation,
and view selection. Rather than using the input views directly for depth estimation,
they introduced a neural network to extract features from each image individually. In
the end, a view selection network determines the contribution of each warped image
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FIGURE 9.11

Pipeline of the light field view synthesis method LFVS-AM [83]. The process is divided
into three CNNs: stereo feature extraction, disparity estimation, and light field refine-
ment.

to the final result. However, these methods mostly fail to recover fine structures and
occluded regions.

This can be improved by an attention mechanism as presented by LFVS-AM [83].
Similar to Navarro et al. [82], the LFVS-AM method also models the light field view
rendering pipeline using three neural networks, stereo feature extraction, disparity
estimation, and light field refinement, as shown in Fig. 9.11. The proposed method
consists of three main features. First, LFVS-AM requires only three out of four corner
views relative to the target view position, reducing the computational complexity. Sec-
ond, LFVS-AM extracts features directly from stereo pairs which helps in estimating
accurate disparity maps. Finally, an attention mechanism-based refinement network
incorporating convolutional block attention modules (CBAMs) [84] reconstructs the
novel views. CBAMs consist of spatial and channel attention focusing the network
on critical regions of the features. Figure 9.12 shows the visual comparison of dif-
ferent DIBR approaches against the non-learning-based light field chain presented in
Section 9.1.

Although these results show that neural networks can deliver good results, all the
methods discussed above can only cope with light fields having small base lines. In
case of larger base lines, the achievable quality significantly drops. One approach to
solve this problem consists in the use of neural implicit representations as discussed
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(a) Ground Truth

(b) Conventional light field chain (c) difference image for (b)

(d) Kalantari et al. [78] (e) difference image for (d)

(f) LFVS-AM [83] (g) difference image for (f)

FIGURE 9.12

Visual comparison of different light field rendering methods using a test image from
[78]. Except for LFVS-AM [83], all other methods failed to reconstruct the fine leave
structure.

in the following section.

9.7.2 Neural implicit representations
In the previous section, neural networks were introduced into the regular depth image-
based rendering pipeline. While this improved the final render quality, the neural
networks are not able to overcome the shortcomings of the depth-based approach
itself. Semi-transparencies, for example, are impossible to represent for depth-based
approaches, since a single depth value per image pixel is not enough to represent
multiple objects that may be visible to that pixel. To address the shortcoming of
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FIGURE 9.13

Results for novel view synthesis using NeRF [85]. Left: rendered image; right: false
color depth map.

depth-based approaches, neural implicit representations have garnered more and more
interest in recent years.

Specifically, Neural Radiance Fields (NeRF) [85], as introduced in [86], have
shown promising visual fidelity on novel view synthesis tasks. The NeRF-generated
depth map, as shown in Fig. 9.13, highlights a NeRF’s capability to learn very detailed
geometry for a given scene. Even fine details like leaves of plants that usually pose
problems for traditional stereo matching are reconstructed properly when using a
NeRF approach. Together with the volume rendering technique that allows NeRFs
to learn semi-transparent objects and its capability to learn view-dependent effects,
NeRF renders can achieve almost photorealistic quality, as can be seen in Fig. 9.13.
The original NeRF publication sparked an explosion of follow-up works from the
wider field of neural rendering. These works have further improved upon the original
concept of NeRFs and reduced some of their downsides. These downsides include
for instance their long training and rendering times, as well being limited to static
scenes. While [86] has made a theoretical introduction to the concept of NeRFs, this
section will introduce some of the aforementioned follow-up works, their trade-offs,
and highlight some remaining practical challenges in the field of neural implicit scene
reconstruction.

Practical challenge 1: input data
Like traditional light field rendering techniques, most neural implicit reconstruction
approaches assume known camera poses for its input photographs. Since neural
implicit approaches optimize a globally consistent geometry and appearance, even
a slight misalignment in the poses would introduce conflicting information into the
optimization process. While accurate pose estimates are no problem for computer-
generated data, the concept of Structure-from-Motion (SfM) that is often used to
register cameras for real scenes can fail or give subpar estimates. This would lead to
reduced image quality of the final renders.
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Overview map of the neural implicit representation literature [30, 87–130] surrounding
neural radiance fields [85] as of November 2021. Dynamic, deformable, and re-lightable
representations as well as representations with joint pose estimation have been omit-
ted for clarity.
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To avoid this, more recent works such as [131, 132] also allow the optimizer to
backpropagate the rendering loss to the input camera poses. These are then jointly
optimized during training. To allow faster convergence, the poses are usually still
initialized with the output of a Structure-from-Motion estimation. The optimizer then
only needs to fine-tune the pose estimates. In case no initial estimation is provided,
these approaches can compensate for it with a more complex and longer training
process. In either case, the final renders are of higher quality than they would be
without fine-tuning the poses [131, 132].

Similarly, remaining distortion in the input photographs can also give the optimizer
conflicting information, leading to degenerated solutions. Either camera distortions
need to be modeled in the neural rendering pipeline or the input data for the training
process needs to be undistorted beforehand. One neural representation that handles
camera distortions in its training process is the Self-Calibrating-NeRF [133].

Since NeRF methods typically expect input photographs from a globally consis-
tent scene, casually photographed scenes with slightly dynamic elements, such as
leaves moving in the wind, can cause blurry reconstructions. Deformable neural
representations have tackled this problem by introducing a neural deformation field
into the rendering pipeline [134, 135]. This enables the remapping of points in space
into a canonical reference space. The scene in this reference space is assumed to be
static. The different input photographs and the slight perturbations in their under-
lying geometry can then be mapped into this canonical space via a neural network.
Consequently, a globally consistent NeRF can be trained in the canonical space. The
deformation field is trained jointly with the NeRF network.

Likewise, the deformation field can also be trained to map points from a starting
position to a different timestamp in a dynamic sequence, e. g., an animation [136, 137].
The deformation field then learns how a scene changes over time. This allows
dynamic neural representations to also represent light field video content. Note that
the deformation field can readily represent deformation operations, but has trouble to
model the sudden appearance or disappearance of objects, such as bursting bubbles.
Also note that the literature on dynamic implicit representations is in its early stages,
with most dynamic sequences being only few seconds long. The training times for
dynamic representations are also significantly longer than for static scenes.

Moreover, the input data for an ordinary NeRF is expected to be consistently lit.
Again, different shadows and lighting in the different input photographs would give
the NeRF conflicting input information. The NeRF then usually tries to bake the
different lighting conditions into the view-dependent appearance of objects, giving
them excessive and unrealistic view-dependent effects. To reduce these problems,
NeRF in the Wild (NeRF-W) [100] adds a learned latent embedding vector to all
input photographs, that can encode lighting changes and many other inconsistencies.
The NeRF-W method can then be trained on input photographs taken under vastly
different conditions. Once trained, the embedding vectors can also be interpolated
and allow NeRF-W to render a scene under different lighting conditions than those
existing during capture. More recent works have also investigated how to model
lighting more explicitly [138–140]. While most of them still expect studio-quality
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input data, once trained, they can dynamically re-light the scene [138, 139] and even
allow material editing [140].

Another less desirable way for an implicit model to deal with inconsistencies in the
input data is through floater artifacts. Since the models are only trained to minimize
the rendering error for the training poses, they could theoretically simply learn to place
a small 2D photograph of the ground truth training view in front of the corresponding
pose. The resulting reconstruction, however, would be degenerated and of little use
as the model would be unable to correctly synthesize novel view points. Luckily,
the regularization inherent in the neural networks discourages this kind of solution,
as explained by [99]. Nevertheless, the above-mentioned floater artifacts can still
appear. These are small, but dense artifacts floating in front of the training poses,
that minimize the training error. When the NeRF training is presented with slightly
conflicting information, e. g., inconsistent shadows, these floater artifacts allow the
NeRF to still fit all input data. Recently, Mip-NeRF 360 has tackled this problem by
using a specialized distortion loss [141].

Practical challenge 2: training
Another big drawback of most neural representations are their training times for days,
even on high-end GPUs. The reason is that the NeRF network needs to be inferred
for hundreds of samples per pixel during training. Note that a new model needs to be
trained from scratch for every new scene.

As pixels can be rendered independently of each other, and samples along each ray
can also be inferred independently of each other, an easy way to speed up rendering
and thus training is parallelization. While the original NeRF approach makes limited
use of such parallelization, a more recent JAX implementation [142] of NeRF, called
JaxNeRF [143], scales the NeRF to multiple GPUs. This allows JaxNeRF to cut
training time from days to hours, albeit at additional hardware cost.

Another way to speed up neural implicit training is the use of learned initialization.
To this end, a meta-representation is trained on multiple scenes simultaneously, such
that it can quickly be fine-tuned to any new scene [144]. This so called meta-learning
is broadly used in the field of deep learning. The resulting meta-initialization itself
does not represent any scene, but is instead used as a starting point for the training of
new scene-specific representations. Since this starting point is optimized to converge
towards novel scenes quickly, the training is faster than it would be from a random
initialization. However, generating a meta-initialization itself is computationally
intensive. Additionally, its ability to speed up training convergence depends on how
close a novel scene is to the training distribution of the learned initialization.

Using explicit prior information, such as LiDAR point clouds, or point clouds from
SfM pipelines have also shown promising results for speeding up training times [108].
Here, the depth values for the points of the point cloud are used as an additional super-
visory signal that drives the so called DS-NeRF more quickly towards convergence.
While this can speed up training by a factor of 2-6, DS-NeRF training still takes much
longer for a given scene than traditional multi-view stereo approaches [11].
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FIGURE 9.15

Results for novel view synthesis using a fine-tuned IBRNet [91]. Left: rendered image;
right: false color depth map.

Other approaches, like IBRNet, require no scene-specific training at all. Instead,
they learn prior information from a training set, also called priors in short. They can
then be applied to novel unseen scenes [91, 124, 126]. Such approaches are hence said
to generalize to unseen scenes. The learned prior information usually takes the form of
trained neural network encoders and their feature extractors.They are trained on large
2D image datasets like ImageNet [145] or from large collections of existing scenes. As
such, these approaches suffer from the same problems as a learned initialization: they
require a computationally expensive initial training, before they can generalize to new
scenes with no additional training. They also provide significantly worse geometric
reconstruction, compared to, e. g., NeRF. This can be seen when comparing the depth
map of an IBRNet in Fig. 9.15 with a NeRF depth map of the same scene in Fig. 9.13.
It is also common to fine-tune these models for a given scene with a short additional
training phase to gain a small quality improvement.

The high training cost of NeRFs is also limiting their potential resolution. While
the NeRF algorithms make no corresponding assumption and could thus be used to
train a NeRF on arbitrarily high input image resolutions, the training time scales at
least linearly with the amount of input pixels. If the sample count along the volume
rendering ray depth is increased with resolution, as is commonly done with multi-
plane image approaches, the training time would scale cubically with the resolution.
For high resolution content, NeRFs thus quickly become impractical. Most NeRFs in
literature today are limited to less than FullHD resolutions.

Practical challenge 3: rendering
Another problem that limits the application of neural implicit representations is their
slow rendering speed. Depending on the resolution, a single frame can take minutes
to render.

Early attempts to speed up the rendering divided the 3D scene space into a regular
grid of small voxels. Rendering can be sped up by one to three orders of magnitude,
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when placing learned neural feature embeddings in a sparse subset of these voxels.
Such a concept has been proposed by the Neural Sparse Voxel Fields (NSVF) [89].
Alternatively, a separate and smaller NeRF network can be learned for every voxel,
as proposed by KiloNeRF [98]. However, both NSVF and KiloNeRF only work for
bounded scenes. Unbounded and semi-bounded scenes, including forward-facing
scenes, cause problems with the regular grid subdivision of the 3D space. In such
cases, a space decomposition using frustrum shaped voxels (froxels) [146, 147] would
serve better (see also [86]).

To facilitate real-time rendering, an implicit representation is usually converted
into a format that is easier to render. Usually, this is a more explicit representation.
After conversion, the original NeRF network can then be discarded. This new format
can for example be a cached NeRF representation, such as a PlenOctree [111]. To
cache a NeRF, it is densely sampled. Over-sampling may be applied for anti-aliasing
purposes. The obtained outputs are stored in a grid representation such as an octree.
Instead of performing a costly inference of the NeRF network multiple times per pixel
during rendering, the PlenOctree can simply look up the NeRF output values in the
cached octree. Similar to Neural Sparse Voxel Fields (NSVF) which exploit sparsity
for a speed-up, the PlenOctree also only stores a sparse grid of output values. This
avoids the cubic growth of required memory with increasing resolution. Still, most
cached representations in literature are limited to less than FullHD resolutions.

Since NeRFs are five-dimensional to allow rendering view-dependent effects (three
dimensions for geometry and a base color and two dimensions for view-dependent
effects), naively caching the output of a NeRF would require a five-dimensional
data structure. The curse of dimensionality would make it practically impossible to
cache a NeRF with a very high accuracy. To avoid this problem, the cached values
are independent of the actual viewing direction. The view-dependent effects are
encoded in these outputs to still allow for instance the rendering of specularities.
In the case of PlenOctree, the outputs of a NeRF-SH [111] are cached in the form
of spherical harmonics (SH), which gives the methods its name NeRF-SH. Other
caching approaches, like Sparse Neural Radiance Grids (SNeRG) [117], predict view-
independent neural textures. These allow view-dependent effect reconstruction via
deferred rendering.

The faster rendering of PlenOctree compared to the NeRF-SH, which it was
extracted from, can also be used to accelerate training. To this end, a NeRF-SH
training is stopped early and a PlenOctree is extracted. The PlenOctree is then
fine-tuned with a similar rendering error towards convergence. Overall, this can
significantly outperform a normal NeRF training [111].

Practical challenge 4: mesh extraction
Alternatively to caching, rendering can be sped up by converting a trained implicit
representation into a mesh. Such meshes have been used in computer graphics for
decades. Dedicated hardware and optimized rendering pipelines have made meshes a
common choice for real-time rendering applications, such as video games. Extracting



9.7 Neural rendering and 3D reconstruction 29

a lightweight mesh from the detailed density field of a neural representation would
allow real-time rendering, even on lower-end consumer devices.

The most simple way to extract a mesh from the density field of an implicit
representation is a threshold-based marching cubes approach [148]. However, if the
threshold is set too low or high, false-positive or false-negative geometry from artifacts
might transfer into the extracted mesh. This is a known problem in literature [116,
120]. More sophisticated mesh extraction approaches have been tried in [123]. Still,
many fine details from the neural density field are lost during mesh extraction.

To extract detailed meshes from optimized, neural representations, literature has
started to incorporate level-sets into the volume rendering pipeline. Level-set model-
ing implicitly represents surfaces based on a function that maps a point in 3D space
to a real value. All points leading to the same and well defined function value are
considered to belong to the surface. A signed distance function (SDF), for instance,
has a gradient norm of one with its zero level-set defining the surface [149].

Specifically, approaches like [106, 116, 120] convert a learned level-set function
into a density field before volume rendering. This allows them to make use of
the superior optimization process of density field approaches and drops the pixel
mask requirement common in previous neural implicit level-sets [150]. Once the
level-set function has been trained, isosurface extraction can generate a mesh with
arbitrarily low quality loss from the level-set geometry. The only downside of level-
sets compared to density fields is that they cannot readily support transparencies.

Once extracted, a neural texture for deferred rendering can provide view-dependent
color appearance for the mesh geometry [87]. Alternatively, a texture can be extracted
from the implicit representation itself. NeuTex [151] instead reformulates the training
of the implicit representation such that it jointly learns a texture alongside the geom-
etry. Furthermore, the rendering of the extracted mesh could be sped up by using one
of the growing number of differential mesh renderers for mesh simplification, such
as [152].

9.7.3 Neural textures
Using neural textures [87] for novel view synthesis enables high fidelity rendering
of objects with complex appearance, including the reproduction of view-dependent
effects. Moreover, they can conceal imperfections of the geometry itself without ever
touching it, thus being complementary to the methods described in Section 9.7.2.

As the name of the method deferred neural rendering suggests, the approach adds
a neural component to the traditional computer graphics technique deferred rendering
[153, 154]. Deferred rendering is commonly used to reduce computations by splitting
the rasterization of geometry and the actual shading into two passes. Thus, appearance
computations like illumination and material evaluation are only performed for visible
fragments.

In the case of deferred neural rendering, shading is performed by a neural network,
often referred to as neural renderer. This neural renderer interprets neural descriptors
that are projected to screen space via the sampling of the neural texture using standard
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FIGURE 9.16

Deferred neural rendering pipeline using neural textures.

texture coordinates. By doing so, shading is performed from a statistical point of
view rather than a physically-based one. An overview of the described pipeline is
illustrated in Figure 9.16. Using traditional computer graphics techniques, the neural
and RGB textures are projected into the target view. UV maps establish the relation
between the texture images and the geometry primitives. The neural renderer then
transforms the projected textures into a rendered image. Both the neural renderer
and the neural textures can be trained by comparing the rendered image with the
corresponding ground truth.

The neural renderer is often implemented with a U-Net-like [155] architecture
[87, 156–158], as its skip connections are a favorable design choice for tasks that are
framed by a 1-to-1 pixel correlation of in- and output. Thus, the architecture enables
fast convergence and the reproduction of high frequency details.

Neural textures are tightly coupled to surface light fields [52, 53] and can be seen
as a neurally encoded and tightly compressed form of such a light field. Surface light
fields are parameterized by the surface position and the view direction – the position
it is looked at from. For example, a surface light field may be implemented by storing
multiple color samples for each valid texture coordinate, each sample corresponding
to a different view direction, respectively. Novel view synthesis can then be performed
by rendering the closest sample (with regard to position and angle) that can be found
in the texture for a given view ray.

While there is not a neural descriptor stored per view direction, view dependency
is achieved by the neural renderer which learns descriptor constellations. The render
quality can be further enhanced by “masking out” unnecessary parts of the current
view before the textured image is fed into the neural renderer network. To this end,
Thies et al. propose the descriptors to be multiplied by the spherical harmonics
coefficients of the first three bands of the per-pixel view direction. Thus, neural
textures offer a vast compression factor compared to traditional surface light fields
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that need to store an RGB value for a reasonable amount of directions for any given
texture element position.

Note that this view dependency is not limited to view-dependent effects like
reflections to mimic complex materials, but also fixes mismatching geometry – solely
in screen space – up to some degree. This is an exceptionally interesting feature for
novel view synthesis of real scenes as reconstructed meshes from photogrammetry
are hardly ever perfect. Also, for highly textured materials like fur or grass which
usually have to be modeled by volumes that are expensive to render, this ability is
promising.

Using neural feature descriptors to encode information that go beyond standard
RGB color is a paradigm seen quite frequently in the state of the art and proves their
usability beyond mesh-based geometry representations. Similar to the mesh-based
rendering, papers like [157–159] show how such descriptors can be used for point
clouds in conjunction with a neural renderer to overcome sparsity and thus, provide
great visual fidelity. Others [91] show the feasibility of descriptors for volume-based
representations and alike.

Many works [87, 157, 159] on novel view synthesis propose overfitting to a single
or in the best case to only a handful of somewhat similar scenes. Thus, retraining
is needed for every new object or in the worst case even for the slightest change in
the scene, limiting the use case to learning a single light field by rote. Scene re-
composition, especially for objects with specular materials, proves hard as reflections
are baked into the descriptors.

However, neural textures can be used beyond their use as compressed light fields.
The generalization to unseen scenes, re-lighting, and scene editing is subject of current
state-of-the-art methods [91, 156, 158, 160]. Meshry et al. [158] resolve occlusions
and achieve re-lighting for touristic scenes by conditioning scene appearance on
learned embeddings. Controllable re-lighting for indoor scenes is the subject in the
works of Meka et al. [161] and Öchsle et al. [162]. Wang et al. [91] show promising
results towards generalization and the applicability for various datasets. Another
direction is the incorporation of the plenoptic function’s time domain that is usually
omitted and thus allowing for controllable animation of faces [163] or replaying video
clips from novel view points [137].

In summary, neural textures and related work can be interpreted as highly con-
densed surface light fields allowing for high fidelity novel view synthesis. However,
the direction of ongoing research points to tasks that go beyond the sole reconstruction
of known scenes.

9.8 Conclusion and open challenges
Light fields offer a much richer representation of real world scenes in media ap-
plications as they enable observation from different perspectives. As a result, the
experience is more immersive or realistic compared to a 2D image or video. To make
this possible, it is necessary to design and implement a complete processing pipeline,
encompassing light field capture, camera calibration, geometry reconstruction, con-
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tent editing, and real-time rendering approaches. Many solutions have been proposed
in this regard, making light field media experiences more and more realistic. Still,
a lot of challenges need to be overcome to make light fields applicable in a larger
scale. Core aspects include the achievable quality as well as the handling of the large
amounts of data and necessary computation. Neural algorithms promise to bring a
new way of thinking into these domains. While showing a very high potential to
advance light field processing in a significant manner, they currently suffer from huge
computation demands and low supported resolutions. Furthermore, a consolidation
of the huge variety of possible solutions still needs to be achieved in the future.
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