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Fig. 1. Our light field capture rig and scene representations. (a) We record immersive light field video using 46 action sports cameras mounted to an acrylic
dome. (b) Using deep view synthesis we infer an RGBA multi-sphere image (MSI) from the light field views. Every 10th spherical shell is highlighted. (c) We
convert groups of MSI layers into Layered Meshes (each shown as a different color), which are texture atlased and compressed into light field video.

We present a system for capturing, reconstructing, compressing, and render-
ing high quality immersive light field video.We accomplish this by leveraging
the recently introduced DeepView view interpolation algorithm, replacing
its underlying multi-plane image (MPI) scene representation with a collec-
tion of spherical shells that are better suited for representing panoramic light
field content. We further process this data to reduce the large number of shell
layers to a small, fixed number of RGBA+depth layers without significant
loss in visual quality. The resulting RGB, alpha, and depth channels in these
layers are then compressed using conventional texture atlasing and video
compression techniques. The final compressed representation is lightweight
and can be rendered on mobile VR/AR platforms or in a web browser. We
demonstrate light field video results using data from the 16-camera rig of
[Pozo et al. 2019] as well as a new low-cost hemispherical array made from
46 synchronized action sports cameras. From this data we produce 6 degree
of freedom volumetric videos with a wide 70 cm viewing baseline, 10 pixels
per degree angular resolution, and a wide field of view, at 30 frames per
second video frame rates. Advancing over previous work, we show that our
system is able to reproduce challenging content such as view-dependent
reflections, semi-transparent surfaces, and near-field objects as close as 34
cm to the surface of the camera rig.
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1 INTRODUCTION
Our visual system is remarkable at perceiving the world around us
from a single pair of eyes a few centimeters apart. Part of whatmakes
it so effective is that moving our heads changes our perspective,
allowing us to feel a greater sense of depth through motion parallax
and a better sense of what the scene is made of by how light plays
off of its surfaces. A virtual environment that is able to excite these
same senses of motion parallax and view-dependent reflections can
be far more immersive and realistic.

Many of today’s augmented and virtual reality headsets provide
positional tracking, enabling the user’s view of the virtual scene
to shift perspective properly as they move their head. If the scene
is being rendered by a game engine, it is straightforward to feed
the positional tracking data into the engine to yield proper motion
parallax and view-dependent reflections. But if the scene is a real one
recorded by an immersive video camera, changing the perspective is
much more complicated. The majority of immersive video cameras
deliver panoramic video from a single fixed point of view (e.g. Ricoh
Theta Z1, GoPro Max, Insta360 One X) or omnidirectional stereo
video fixed to a particular location in space (e.g. Yi Halo, Insta360
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Titan, Facebook Surround 360). When these immersive videos are
played back, the user can look in any direction, but the position of
their view cannot be altered regardless of how the user moves their
head. The result is not only less immersive but less comfortable:
receiving such inconsistent cues from one's visual and vestibular
systems is a cause of motion sickness, which can a�ect many people
in VR headsets. And this problem is unavoidable: just turning one's
head to look around produces noticeable shifts in perspective as the
eyes translate with the front of the head.

To address this problem, e�orts have been made to record immer-
sive video with additional cameras and/or sensors so that the video
can be rendered from a range of new perspectives. One strategy is to
use multi-view stereo [Furukawa and Hernandez 2015] and/or depth
sensors to estimate the 3D depth of the scene in each direction, so
that the panoramic imagery can be reprojected with image-based
rendering to a novel viewpoint. A drawback of this approach is that
edges in the scene are typically not well preserved, and dis-occluded
areas around object edges are di�cult to �ll in accurately. While the
reconstructed 3D geometry can be displayed with textures [Hed-
man et al. 2017], this fails to reproduce view-dependent re�ections,
assuming instead that everything in the scene has a dull Lambertian
re�ectance. A di�erent strategy [Milliron et al. 2017; Wilburn et al.
2005] is to record a sampling of the light �eld using an array of
cameras distributed across a surface. When used with modern view
interpolation techniques that include per-view depth estimation
and view-dependent texture mapping, view-dependent re�ections
can be preserved [Debevec et al. 1998; Pozo et al. 2019]. However,
there is a hardware complexity cost associated with denser camera
arrays, and sparse samplings are prone to producing noticeable edge
artifacts. For light �eld video, neither of these strategies has yet been
paired with an especially e�cient video compression scheme. As a
result, these systems typically require specially-designed worksta-
tions �lled with solid-state memory to play back immersive content.

The recently introduced interpolation techniques of [Flynn et al.
2019; Mildenhall et al. 2019; Zhou et al. 2018] use machine learn-
ing to convert sparsely-sampled light �elds to Multi-Plane Images
(MPIs), which are dense stacks of image planes with RGB color and
alpha transparency components (RGBA). These MPIs o�er several
advantages, in that they are straightforward to render, yield good
view reconstruction around edges, and are surprisingly e�ective
at reproducing and smoothly interpolating specularities. (Specular
re�ections can be rendered on planes behind the object surface, with
the surface itself made partially transparent to allow the specular
re�ections to shine through.) Flynn et al. [2019] applied MPIs to
both light �eld stills and light �eld video with high-quality results.
However, they did not address an immersive �eld of view, which
would be di�cult using planar perspective projections, and they
did not report a compression and streaming technique necessary
to store or deliver such content at scale. On the latter point, the
relatively dense 3D volume of RGBA data comprising an MPI can
be as large or larger than the original light �eld camera array data.

In this paper, we develop a practical immersive light �eld video
solution by replacing the MPI planes with spherical shells. We also
develop a compression and storage technique that packs them into
streamable video and geometry. Instead of MPIs, we modify the
training and inference scheme to solve for Multi-Sphere Images

(MSIs) (Figure 1 (b)) that wrap around the viewer with a set of
concentric spherical polygon meshes with inward facing RGBA
textures. We then use a new layer reduction technique to convert
the relatively dense MSIs to a sparse set of Layered Meshes (LMs)
(Figure 1 (c)) that consist of surface meshes largely corresponding
to the surfaces in the scene. This smaller set of meshes still use
RGBA textures and can therefore retain the versatility of MPI alpha
blending, but at greatly reduced storage cost since LMs can be
compressed using mesh compression and texture atlasing. In this
way, we can leverage 2D video codecs such as H.264 or VP9 to
compress and transmit a compact, faithful representation of the
original immersive light �eld video.

We show light �eld video results recorded using two 6 DOF cam-
era arrays: the 16-camera system of [Pozo et al. 2019] and a new
low-cost hemispherical light �eld video array comprised of 46 action
sports cameras (Figure 1 (a)). We analyze how camera rig geometry
a�ects the ability to represent near-�eld objects in the light �eld.
We then introduce multi-sphere images as a scene representation
for panoramic light �eld content and show how the MSI and camera
rig geometry jointly determine the size of the interpolation vol-
ume where valid viewpoints can be rendered. Then, we describe
a complete light �eld video encoding system that leverages deep
learning based view interpolation, layer reduction, texture atlasing,
and conventional video compression. The resulting video stream can
subsequently be decompressed and rendered on standard graphics
hardware. We thus show the �rst practical, high-quality, immersive
light �eld video solution that can be streamed and played back on
standard AR and VR systems.

2 BACKGROUND
We build on signi�cant bodies of work in multi-view stereo [Fu-
rukawa and Hernandez 2015], image based rendering [Shum et al.
2007], light �eld capture [Gortler et al. 1996; Levoy and Hanra-
han 1996], and particularly recent advances in learning based view
synthesis [Flynn et al. 2016]. Many of these e�orts have focused
on representing static scenes, but here we focus on approaches
that record and play back video content. Such systems face unique
challenges due in part to the large volume of data that must be
processed and displayed. In designing a system for light �eld video,
we identi�ed the following necessary characteristics:

(1) The ability to record six degree-of-freedom (6 DOF) content
with a relatively sparse array of video cameras.

(2) View synthesis within a viewing volume diameter of around
70 cm for a wide180� or greater �eld of view, appropriate for
comfortable viewing while seated.

(3) Plausible rendering of view-dependent scene content includ-
ing disocclusions around object edges and thin structures,
semi-transparent objects, specular re�ections, and mirror sur-
faces.

(4) Visually stable results as the viewpoint moves in both space
and time.

(5) A compressible representation suitable for playback on con-
sumer VR and AR hardware.

Although the works we mention below succeed in addressing
some of these challenges, we believe that our system is the �rst to
address all of them.
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Early work on novel view-synthesis used explicit correspondence
between input images to warp them to novel viewpoints. This was
�rst demonstrated using synthetic input images with known depth
maps [Chen and Williams 1993] and later using photoconsistency-
based matching to establish correspondence between real pho-
tographs [McMillan and Bishop 1995]. To represent occlusions in
the scene, Shade et al. [1998] introduced alayered depth imagerepre-
sentation where each pixel represents multiple opaque surfaces with
both depth and texture. Zitnick et al. [2004] used correspondence-
based image matching to build a similar layered depth representa-
tion with alpha matting near object boundaries and successfully
applied it to generating free viewpoint video. Later e�orts have
extended this to provide a much larger range of motion by fusing
multiple depth maps into one animated texture mesh [Collet et al.
2015; Dou et al. 2016]. These works were focused on performance
capture where the viewer is expected to look into the scene from
the outside. Pozo et. al. [2019] showed that such methods also work
for outward-facing view synthesis, e.g. when the viewer is wearing
a head mounted display.

However, most of these methods assume the scene being rep-
resented contains only opaque, Lambertian surfaces, and thus are
unable to represent view-dependent phenomena such as specular
highlights and semi-transparent objects. This has been addressed
via methods where not all visual motion in the scene needs to be
explained by a single depth value. Flow �elds, for example, store the
raw pixel-wise correspondence across cameras and also across time
[Lipski et al. 2010], although their unconstrained nature introduces
warping artifacts near occlusion boundaries and during viewpoint
changes. Of course, this problem is greatly reduced if the viewpoint
is �xed in advance, as it was in [Anderson et al. 2016], which nev-
ertheless rendered immersive video using binocular disparity cues.
Alternatively, a trained neural network can be used to correct ar-
tifacts and enhance visual quality of a viewpoint produced with
depth-based rendering [Martin-Brualla et al. 2018]. Several other
approaches [Sitzmann et al. 2019; Thies et al. 2019] learn a deep rep-
resentation for visual information in the scene. These approaches,
while promising, have not been demonstrated to scale well to high
resolution video.

Image-based rendering approaches that employ view-dependent
texture projection [Debevec et al. 1998] and/or view-dependent
geometry [Davis et al. 2012; Heigl et al. 1999; Overbeck et al. 2018]
can reproduce a degree of view-dependent re�ection e�ects. This
approach has recently been employed in video playback [Pozo et al.
2019], with earlier methods also showing video results [Buehler et al.
2001], albeit with a coarse proxy geometry shared by all images
in the scene. Coarser geometry requires more densely sampled
images. In the limit case this leads to capturing a dense 4D light
�eld [Gortler et al. 1996; Levoy and Hanrahan 1996], which can
faithfully represent scenes with arbitrarily complex materials and
geometry. While this representation has been used to capture video
[Wilburn et al. 2001], it's only practical over very narrow viewing
baselines or coarse image resolution. This has been addressed by
conventional video compression methods [Avramelos et al. 2019] or
deep learning methods for super-resolution [Wang et al. 2017], but
neither of these approaches produces a viewing volume su�cient for
our needs. Perhaps the only example of a high quality, 1 m viewing

baseline light �eld video system is the Lytro Immerge prototype
[Milliron et al . 2017]. However, this system was expensive, not fully
documented, and required considerable storage and compute power
to play back the video.

Recently introduced layered representations including Soft3D
[Penner and Zhang 2017] and multi-plane images (MPIs) [Flynn
et al. 2019; Zhou et al. 2018] have yielded attractive light �eld re-
constructions as a volume of RGB plus alpha transparency data.
These can be a very good approximation of a 4D light �eld since
they naturally support transparency and approximate the motion
of a wide variety of re�ections in the scene. Such representations
can support a much larger viewing baseline than the dense light
�elds above [Srinivasan et al. 2019], and even larger viewing base-
lines have been achieved by blending between multiple multi-plane
images [Mildenhall et al. 2019].

We have found that multi-plane image representations are a good
�t for the goals above. In particular, both Soft3D [Penner and Zhang
2017] and DeepView [Flynn et al. 2019] have demonstrated the
temporal stability of a layered representation for video applications.
In this paper we build upon the DeepView algorithm, but have to
innovate in two areas to meet our goals. Firstly, we reparametrize
MPIs to multi-sphereimages (MSIs), which enable immersive �elds
of view. Secondly, we exploit the sparsity in the MSI volume and
compress it into a lightweight Layered Mesh representation that
can be decoded and rendered on standard hardware. These will be
the core topics of the following two sections.

3 CAPTURE & RECONSTRUCTION OF SPHERICAL
LIGHT FIELDS

We aim to design a light �eld capture system that supports a su�-
ciently large viewing volume and accurately reproduces objects that
are relatively close to the surface of the camera rig. This supports
our overall goal of heightening the 3D motion parallax e�ect and
providing the viewer with a large volume to look around and move
freely in without uncomfortable limits on their head motion. In this
section we begin by analyzing the geometry of panoramic light �eld
video capture.

3.1 Camera Rig Geometry
First we consider how the the rig radius, camera spacing, and camera
�eld of view (FOV) a�ect the size of the viewing volume and the
closest object that can be reconstructed using view interpolation.
For simplicity, we conduct our analysis using the circular 2D rig
shown in Figure 2. Extending this analysis to a 3D spherical rig is
straightforward.

The �gure shows overlapping camera viewing frusta (blue wedges)
for evenly spaced cameras on an idealized rig (black semicircle).
View interpolation requires that objects be observed by at least two
di�erent cameras. We de�ne the distanceA2 (outer dotted circle)
to be the closest possible distance where this is true. Notice that
this closest object distanceA2 depends on both the spacing between
cameras on the rig surface and the cameras' FOV. Adding more
cameras to the rig reduces the closest object distance and gener-
ally increases camera overlap at all distances greater thanA2, but
at the cost of system expense and complexity. It may therefore be
necessary to choose a camera spacing (and consequently, a closest
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Fig. 2. The view frustra of cameras in a semicircular array, and how they
determine the interpolation volume and closest object distance.

object distance) based on practical considerations such as camera
cost, complexity of camera synchronization, or the total number of
video �les that can be easily downloaded and stored for each shot.

Figure 2 also shows the region we call theinterpolation volume
(dotted inner circle), whose radiusAi = Arig sin¹U•2º depends only
on the FOVs of the cameras. This volume contains the intersection
of rays projected backward from the cameras. At any position inside
the interpolation volume, ray samples are available in all outward-
facing directions, and the view synthesis task is one of interpolation
between viewpoints rather than one of extrapolation.

We can use this 2D geometry construction to quickly estimate
6-DOF capture performance for our 3D camera rig and the rig of
Pozo et al. [2019]. Our rig has a diameter of0”92m with cameras that
have a 120� FOV and average inter-camera spacing of 18 cm. This
results in an approximate interpolation volume size ofA8 = 0”4 m
and a closest object distance ofA2 = 0”66m1. This places the closest
scene objects roughly at �arms length� when the viewer stands at
the center of the viewing volume. The 16 camera rig of Pozo et al. is
0”48m in diameter, with cameras that have a 180� FOV and average
spacing of 21 cm. For this rig,A8 = 0”24m andA2 = 0”48m. Keep in
mind, however, the closest object distance can also be limited by
the depth of �eld of the rig cameras. We've found that the cameras
we use produce sharp imagery for objects beyond 30 cm from the
cameras, so while we can theoretically reconstruct objects0”1 m
closer than this, they may appear slightly blurred.

3.2 Multi-Sphere Images
Capturing the scene is only the �rst step towards a full 6-DOF light
�eld video reconstruction. In this section we introduce our multi-
sphere image representation and show how to construct it to be
compatible with our capture geometry.

1We used these numbers from the 2D rig construction as design guidelines for our 3D
rig. We have found that the 3D rig has a slightly smaller 0.7-m interpolation volume
due to the smaller 90 degree vertical �eld of view of our cameras.

Multi-sphere images (MSI's) are inspired by previous deep learning-
based view interpolation algorithms that use multi-plane images
(MPI's) [Flynn et al. 2019; Mildenhall et al. 2019; Zhou et al. 2018].
These approaches train a neural network to produce an MPI from a
set of sparse input viewpoints. Once trained, network inference is
a relatively inexpensive operation. And unlike earlier deep learn-
ing methods such as [Flynn et al. 2016; Kalantari et al. 2016] that
require running a network to generate each new view, an MPI is self-
contained and can be used without a network to render novel views.
Furthermore, MPI's can be rendered on low-cost graphics hardware:
only perspective projection and alpha compositing operations are
required. However, MPI's are fundamentally built upon a rectilinear
projection and are therefore best optimized for forward-looking
views from a position near their center of projection. To date, no
work has demonstrated the use of MPI's to render panoramic con-
tent. Here we describe how MSI's can replace MPI's for immersive,
wide FOV applications.

An MSI consists of a series of concentric spherical shells, each
with an associated RGBA texture map. Like the MPI, the multi-
sphere image is a volumetric scene representation. MSI shells exist in
three dimensional space, so their content appears at the appropriate
positions relative to the viewer, and motion parallax when rendering
novel viewpoints works as expected. As with and MPI, the MSI
layers should be more closely spaced near the viewer to avoid depth-
related aliasing. The familiar inverse depth spacing used for MPI's
yields almost the correct depth sampling for MSI's, assuming depth
is measured radially from the rig center. The spacing we use is
determined by the desired size of the interpolation volume and
angular sampling density as described in Appendix A.

3.2.1 MSI Rendering.For e�cient rendering, we represent each
sphere in the MSI as a texture-mapped triangle mesh and we form
the output image by projecting these meshes to the novel viewpoint,
and then compositing them in back-to-front order. Speci�cally, given
a rayr corresponding to a pixel in the output view, we �rst �nd all
ray-mesh intersections along the ray. We denoteCr = f c1• ” ” ” •c=g
andA r = fU1• ” ” ” • U=gas the color and alpha components at each in-
tersection, sorted by decreasing depth. We then compute the output
color cr by repeatedly over-compositing these colors. That is,

cr =
=Õ

8=1

U8c8

=Ö

9=8̧ 1

¹1 � U9º” (1)

We parameterize the MSI texture maps using equi-angular sam-
pling, although other parameterizations could be used if it were
necessary to dedicate more samples to important parts of the scene.

4 LIGHT FIELD VIDEO SYSTEM IMPLEMENTATION
A practical light �eld video system relies on tight integration be-
tween image capture, view interpolation, compression, and render-
ing. This section contains a detailed description of each of these
sub-components in our system, beginning with the construction of
our principal light �eld video rig. We then describe how we adapt
the DeepView network to generate Multi-Sphere Images from the
light �eld array data. Next, we convert the per-frame MSIs to Lay-
ered Meshes, whose RGBA textures we re-pack into a video texture
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atlas. Rendering is done in a straightforward manner through de-
compression and scan-converting the textured layers back-to-front.

4.1 Capture Rig
Our principal camera array consists of 46 low-cost Yi 4K action
cameras. We placed cameras at the vertices of a v3 icosohedral tiling
of a 92-cm diameter hemisphere (see Figure 3). Each camera has a
120� � 90� �eld of view, yielding a wide-FOV light �eld that wraps
more than 180� around the viewer. We matched the orientation
of each camera with the horizon, as this has multiple bene�ts: It
maximizes the horizontal FOV of the rig, ensures consistent rolling
shutter distortions across all cameras and simpli�es fabrication.
While overlap in both space and time can be increased by explicitly
optimizing for per-camera orientations [Pozo et al. 2019], we found
that our simple strategy results in ample coverage for reconstruction
as we use many wide-FOV cameras in our rig. The hemisphere itself
is fabricated from a 6-mm thick sheet of acrylic shaped using a
draped plastic thermo-forming process. We drilled out 25mm lens
openings and mounted the cameras using 3D printed brackets.

A single master camera controls the others via a 2-wire trig-
ger/synchronization cable. Each camera uses its own built-in bat-
tery that o�ers roughly one hour of recording time. A 7-pin USB
connection on each camera charges the array and transfers USB
2.0 data. This eliminates the need to physically remove batteries or
micro-SD cards, and allows us to copy data from the array in parallel
using a collection of high-bandwidth USB3 hubs. The Yi 4K software
supports an �array mode� that enables time synchronization across
each camera. Once a camera receives the �start recording� signal, it
relies on internal timing for image capture. Synchronization tests
performed by running the array in a room periodically lit by a cam-
era �ash indicate that the cameras begin recording within 4 ms of
each other and the intra-array temporal drift stays within 1/2 of a
30 Hz video frame for up to 15 minutes.

We calibrate the camera extrinsics and intrinsics using standard
structure from motion techniques [Hartley and Zisserman 2003]. We
independently recalibrate every shot to account for jostled cameras
between shots and the impact of temperature on camera intrinsics.
The rig calibration is assumed constant through the shot, and we
calibrate on four well-distributed frames from the captured sequence.

Fig. 3. Our camera array is built using a low-cost, semi-transparent acrylic
dome. (a) Cameras are placed at vertices of an icosahedral tiling of a 0.92 m
diameter hemisphere. This yields an average inter-camera spacing of 18 cm.
(b) The plastic dome acts as a natural viewfinder, making it easy to compose
a shot by looking through the surface of the camera rig.

We also exploit the nominal rig pose and calibration as a strong
prior to both increase features matches and initialize the calibration
solution. Finally, we align image exposures across cameras within
the rig using a method similar to [Anderson et al. 2016].

4.2 Learned View Interpolation
The central view synthesis problem we face is how to generate
an MSI from a sparse set of input views. This is challenging be-
cause resolving depth and reasoning about occlusion often requires
jointly considering points in the scene that are far apart from each
other but nevertheless appear adjacent in the input views. While
no method has investigated MSIs, the recent methods for produc-
ing MPIs [Mildenhall et al. 2019; Srinivasan et al. 2019; Zhou et al.
2018] rely on 3D convolution with large receptive �elds to provide
su�cient context to reason about depth and visibility. In contrast,
DeepView [Flynn et al. 2019] iteratively re�nes the MPI by succes-
sively incorporating and reasoning about the visibility between the
input views and the MPI.

Passing information in this manner allows the network to be
agnostic to the speci�c layer spacing and number of layers. This
provides �exibility for training: we found that training at even one
quarter of the �nal output resolution and one quarter the number of
�nal image layers still produced good quality results. Additionally,
using 46 input images during training would be prohibitively expen-
sive, even at low resolution. However, DeepView uses repeated max-
pooling layers [Qi et al. 2017a,b] to aggregate the features across
the input images. This make the trained network independent to
the number of inputs, allowing us to train with a small number of
views but evaluate using all of the camera array's images.

Several changes to DeepView were required for our application.
The most signi�cant change was to adapt DeepView to work with
multi-sphere images. The original algorithm warped images be-
tween the input views and MPI planes using homographies. For
MSIs we instead need to warp between the input views and spherical
shells. To this end, we implemented a custom Tensor�ow operation
that uses a commercial ray tracer [Wald et al. 2014] to compute warp
�elds between the MSI textures and input views. This operation
also computes a validity mask to model visibility events, e.g. rays
that miss the MSI shells. Note that since the MSI geometry is �xed,
the model does not need to back propagate gradients through the
ray tracer. We also added a simple sparsity loss when training to
discourage the solver from producing dense volumetric data. It in-
stead zeros out unseen parts of the MSI space. This produces fewer
regions with positive alpha transparency to better aid layer reduc-
tion and image compression later in our pipeline. Speci�cally, for
each position? in the MSI we collect all depth-wise alpha values in
a vectorM? . We then introduce an additional loss term,

L B?0AB4=
Õ

?

�
�
�
�

M?

jM? j2

�
�
�
�
1

”

This loss prefers sparsity along depth layers but does not encourage
the network to reduce the overall magnitude of the alpha values
along a z column.

Finally, we adapted the training procedure for our rig geometry.
We collected 130 training scenes, each consisting of captures from
�ve shifted rig positions (� 5 per scene each translated� 10-50cm
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Fig. 4. Our Light Field Video System. Images captured by our camera rig are calibrated, color corrected, and then fed into a trained DeepView network to
produce multi-sphere images (MSIs). Surfaces in the scene to the right are spread piecewise across many MSI layers (in gray), shown here in a top-down XZ
slice. The alpha value for each MSI texel is shown in blue. Then, layer reduction consolidates this sparse content to a fixed number of Layered Meshes. The
alpha channel for the LM texture maps is shown in red, and can be seen to closely �fit� to regions of the MSI with high alpha density. Subsequent texture
atlasing and video compression results in a compact representation that can be readily played back on consumer graphics hardware.

relative to the initial position). We then calibrated and posed all
rig positions within a scene together, again exploiting the nominal
rig layout so that camera poses were consistent between positions.
During training, one of the rig positions was used as input images
while the rest provide nearby target views inside the interpolation
volume for the network to learn to synthesize. For all the results
shown, we trained with hexagonally-shaped clusters of seven ad-
jacent cameras as inputs, which we found generalized well when
running inference with all 46 cameras.

4.3 Converting MSIs to Layered Meshes
The MSIs we generate generally yield high quality view reconstruc-
tions throughout the interpolation volume (see Figure 8). However,
the amount of data produced � over 100 high-resolution RGBA im-
ages per frame of video � would be challenging to stream as well as
challenging to render on mobile graphics hardware with a limited
amount of polygon �ll per frame. Fortunately, our MSI volumes are
relatively sparse, with positive alpha values falling mostly near the
actual scene surfaces, and on virtual surfaces representing specular
re�ections. As a result, we can �t a set of polygonal Layered Meshes
(LMs) with RGBA textures to the MSI that largely reproduce its ap-
pearance with considerably less data. This is a critical step, because
the LM data is much more readily compressible using the methods
we describe in Section 4.4. The process of converting an MSI to an
LM follows four basic steps:

4.3.1 Subdividing the MSI.We subdivide the MSI layers into dis-
crete depth ranges which we callLayer Groups, each with an equal
number of consecutive layers. Figure 5(a) shows these subdivisions

for the inset data in the Figure 4. This approach is by construc-
tion temporally coherent because the split positions remain static
throughout the video2. Using regular subdivisions also limits the
depth complexity of any given LM layer and provides a clear upper
bound on the worst case rubber sheet artifacts that can be intro-
duced by each LM layer (see Figure 6). Furthermore, segmenting
non-overlapping depth layers in this manner makes it easy to guar-
antee depth ordering during rendering. We chose to segment MSIs
into 16 LM layers, as this was the highest attainable quality within
our performance budget � more layers increased rendering over-
head and decreased atlasing e�ciency.

4.3.2 Computing Layer Depth maps.In many cases, the MSI en-
codes continuous surfaces by alpha cross fading in depth. At the
same time, it also uses saturated alpha values to represent strong
discontinuities, and soft alpha values to encode subtle lighting ef-
fects and translucent surfaces. We found that the accumulation of
alpha in over blending naturally handles all of these cases while
remaining temporally coherent. Concretely, as shown in Figure 5(b),
we collapse the MSI layers within each Layer Group into a single
depth map using standard alpha compositing (Equation 1). How-
ever, instead of compositing RGB values we instead use the index of
the layer, i.e. the layer disparity. We perform this over blend from
the central viewpoint of the interpolation volume. This e�ectively
computes the expected disparity within each Layer Group along
rays that originate from the central viewpoint.

2In early experiments we found that adaptively changing the layer groups per frame
based on scene content resulted in temporally unstable results. Keeping the same split
boundaries throughout the entire video alleviates this problem. While this worked
well in our system, an adaptive and temporally coherent layer splitting strategy is an
interesting area for future research.
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