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Abstract

Multiplane Images (MPIs) are among the sim-
pler forms of scene representations usable for
novel view synthesis. They are stacks of par-
tially transparent RGB images which create
parallax when they are not aligned with the
viewpoint. Considering MPIs are a method
of adding depth to images, one might expect
that they would have been extensively stud-
ied in conjunction with images obtained from
depth cameras (RGBD images), but the con-
trary is true. We propose a method for generat-
ing MPIs from RGBD images using only classi-
cal algorithms, as opposed to machine learning
based methods. This makes it fast to run and
hence suitable for realtime use, such as build-
ing MPIs from live video streams from depth
cameras. Our method is evaluated in terms
of performance using scenes adapted from the
VKITTI 2 dataset. It is shown that on a mod-
ern laptop, our method far exceeds the speed of
generation needed to ingest real-time data, and
the process could still run at interactive fram-
erates when generating MPIs with more than
400 planes. Since visual artifacts are very visi-
ble in the built MPIs, it is suggested that more
sophisticated algorihms are investigated, with
the goal of alleviating these artifacts while re-
maining real-time.

1 Introduction

The ability to capture and digitally reproduce and visu-
alize scenes is the pinnacle of many computer graphics
related studies. Letting anyone see a location or ob-
ject interactively from their own computer has ample
applications, for real-estate websites or online shops for
example. Considering the complexity of real-life scenes
and the (lack of) computational power available to con-
sumers, such systems are often very complex and have to
make compromises to maintain interactivity. Among the
simpler of such representations is the Multiplane Image
(MPI) [ZTF+13].

Multiplane Images represent 3D scenes using a set of
2D images, stacked to create the illusion of depth. If a
sufficiently large number of such planes are used, the
camera can be moved slightly, revealing parallax not
present in the original images. Because the geometry
used to represent the scene is quite simple, this method
is well suited for low-power mobile devices and websites.

One useful source of input data for MPIs are depth
cameras. They provide extra information about the
scene, allowing a wider range of algorithms to be used
for analysis and reconstruction. RGBD images do have
one drawback when compared to synthetically generated
alternatives, however. The combination of measurement
inaccuracies and occlusion from either viewpoint of a
stereoscopic depth camera leads to some pixels not hav-
ing depth values. This implies that to be usable with

such input data, the algorithms have to either be agnos-
tic of this, or the missing data has to be reconstructed.
The purpose of this research is to evaluate whether
MPIs can be build in real-time from RGBD data, and
whether said MPIs also have acceptable quality. More
precicely, the following questions will be answered:

e How can MPIs be built from RGBD data using only
classical algorithms?

e Can MPIs be built with an effective speed of 30
viewpoints per second?

e Does an increase in building speed result in lower
quality of the produced MPI?

To this end, we present a method using only classical
algorithms which can be used to build MPIs from sets
of RGBD images. The method has been tuned for speed
of MPI generation and rendering. This makes it suitable
for realtime building and viewing of MPIs from a live
video stream from a depth camera. Since most depth
cameras operate with a maximum framerate of 30 Hz,
this is the performance target for our algorithm.

All code associated with this paper can be
found at https://gitlab.ewi.tudelft.nl/cse3000/
2025-2026-g4/multiplane-images/floris.

2 Background & history of MPIs

The general concept of MPIs came long before the intro-
duction of the now standard term. First, in 1994, Wang
and Adelson [WA94] proposed a method to separate in-
dividual frames from videos into layers, which could then
be moved around separately, creating new views of the
original scene. This method was oriented more around
motion rather than depth however, and does not pro-
vide a way to simply reproject said planes based on a
new viewpoint and rotation. Then, in 1998, Shade et
al. [SGHS98] introduced Layered Depth Images (LDIs).
LDIs do allow for novel view synthesis of captured scenes,
but also relies on a more complex rendering method, as
the depth samples were not necessarily planar. Such a
method has the advantage that viewpoints far away from
where the scene was captured can be rendered without
larger artifacts compared to nearby viewpoints. This
does come with the drawback that the data necessary
to build an LDI must either be generated synthetically,
or must be preprocessed into a voxelized representation
first using another method.

2.1 Machine learning-based methods

In the last decade, the increase in available comput-
ing power has resulted in a shift of MPIs being gen-
erated using machine learning, rather than just classi-
cal hand-tuned algorithms. This started with Zhou et
al. [ZTF+18|, who also coined the term Multiplane Im-
age, and was later improved upon by Mildenhall et al.
[MSO+19] and then Srinivasan et al. [STB+19].
Machine learning-based methods reframes the prob-
lem of MPI generation from one of geometry to one
of finding an efficient model architecture. They have
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the advantage of being able to infer certain information,
such as depth when only color information is used, or
occluded areas when few, or just one, viewpoint is used.
This comes with the disadvantage that the accuracy of
MPIs built using these methods is bound not only by the
accuracy of the scene data, but also the training data,
and the quantity thereof. Since machine learning often
requires large amounts of computational power, this also
meanse these methods are often restricted to situations
where said power is available, or compromises have to
be made with the accuracy of the generated MPI or the
time needed for the generation.

All techniques mentioned up until this point relied
on multiple input images to cover angles occluded by
some viewpoints and disoccluded by others. Then, in
2020, Tucker and Snavely [T'S20| proposed a method
suitable for generating MPIs from just a single input im-
age. This was later improved upon further by Luvizon et
al. [LCdS+21] through the introduction of the Adaptive
Multiplane Image. Adaptive MPIs have non-uniformly
spaced image planes, which make them more suitable in
situations where little computational power is available,
because less planes are needed to accurately represent a
scene.

2.2 MPI-adjacent structures

The most recent improvement in MPIs was made by
Zhang et al. [ZWL+23|, who introduced the Struc-
tural MPI, where each image plane can be oriented
freely. Compared to regular MPIs, S-MPIs have in-
creased representation accuracy while reducing the num-
ber of planes needed for scenes with a lot of flat geometry,
like indoor scenes. While this is the first application of
such a representation to the field of MPIs, it had been
proposed before for use in other fields in 2012. Guan et
al. [GYTL12| and Holz et al. [HHRB12] each published
methods for reconstructing scenes from RGBD images
using a representation practically identical to S-MPIs.
Though both of these methods were presented with a
different (computer vision-related) purpose, they could
be applicable to novel view synthesis as well.

2.3 RGBD Datasets

For the evaluation of our method, an RGBD dataset
is required. Many such datasets exist, as can be seen
in a compilation by Lopes [Lop22], however not all are
suitable for the same purposes. Some include extra data
that others do not, like intrinsic and extrinsic camera
matrices, which are required for our method. VKITTI
2 [CMH20; GWCV16] was chosen for this project, as
it contains RGB data, depth data, the aforementioned
camera matrices, and other data not used here. Since it
is a synthetic dataset, it contains perfect depth values for
every pixel, simplifying the algorithms needed to process
the data.

3 Method

Our method consists of a multi step process, and con-
verts a set of input viewpoints and a few parameters,

which are further explained below, into an MPI. At a
high level, our method can be split into three stages:

1. Initialization
The MPI is initialized as an array of two dimen-
sional textures, with four channels per pixel. The
values are initialized by taking all pixels from the
main viewpoint, rounding their depth down to the
nearest plane, and writing the color to that plane.
All other pixels remain fully transparent.

2. Adding viewpoints
The remaining viewpoints, called auxiliary view-
points hereafter, are added to the MPI by having
all pixels on every plane of the MPI projected onto
the viewpoint. Then, the color value is added to the
plane if its depth matches the depth sampled from
the viewpoint when rounded down.

3. Finalization
All pixel values of all planes of the MPI are averaged
by dividing the RGB value by the alpha value, if it
is not zero. Then, to account for interpolated sam-
pling when rendering, all color values of transparent
pixels are set to the average of their neighbors, while
keeping them transparent.

3.1 Parameters

As mentioned before, besides the input viewpoints, a few
parameters are necessary.

e Main viewpoint
One of the input viewpoints has to be selected as
the main viewpoint, which means the resulting MPI
will be built with the planes aligning with this view-
point’s forward axis. Because this viewpoint is pro-
jected without distortion onto the image planes, it
will likely have the highest representation accuracy.

e Plane count

The number of planes dictates the quality of the
MPI, as more having more planes means more dis-
tinct depth levels in the final representation. The
consequence of this is that building time and ren-
dering frametime will be longer, and file size and
memory consumption will be larger, due to more
pixels needing to be calculated and stored.

e Depth cutoff threshold
To determine the depth range of the main view-
point, a threshold is needed to exclude parts of
the image that represent volumetric effects, such as
clouds or the sky. These parts are usually given
(near) infinite depth, and so including these values
would reduce the number of planes used to repre-

sent nearby geometry, thereby reduceing the overall
quality of the built MPI.

3.2 Initialization

To initialize the MPI, the main viewpoint is projected
onto the planes by rounding the viewpoint’s depth down
to the nearest plane. For this to be possible, each plane
needs to be assigned a fixed depth. To this end, the



depth range is calculated from the main viewpoint’s
depth texture as follows:

Let d denote a single depth value and let D, 4, denote
the set of all depth values of the main viewpoint. Then,
the start of the depth range is given by

min d

main

dstart =

and the end of the depth range is given by
max d

ZEDmain,d<p

where the p is the depth cutoff threshold.

Within the depth range, planes are distributed uni-
formly with respect to disparity, so the depth of a plane
with index ¢ can be calculated as

d;l —dgt
di — (Z end start +dst}1rt)

Nplanes — 1

dend =

-1

where n,/4nes denotes the number of planes in the MPI
and where ¢ satisfies 0 < ¢ < Npignes-

Each plane has the same image resolution, equal to
that of the main viewpoint. For each pixel in the main
viewpoint, the depth value is rounded down to the near-
est plane, and the color value is written to that cor-
responding plane with an alpha value of one, creating
a 4-dimensional vector. This vector is first multiplied
with a weight, equal to the number of auxiliary view-
points. Since all auxiliary viewpoints are later added
with a weight of 1, this means the main viewpoint is
weighed for fifty percent of the total. This is to pre-
vent the data added from the auxiliary viewpoints from
reducing the representation accuracy of the MPI when
viewed from the main viewpoint.

3.3 Adding viewpoints

Data from auxiliary viewpoints is added to fill in pixels
of the MPI that are occluded from the main viewpoint.
This is done by projecting every pixel of every plane
of the MPI onto the auxiliary viewpoint, sampling the
depth texture, and if the depth matches that of the plane
when rounded down, adding the color value to the pixel
with an alpha value of 1.

Let P denote the position of any pixel in the MPI’s
texture array, ranging from 0 (inclusive) to 7 (exclusive),
where 7i;, 71, and 77, denote the width of the MPI in pix-
els, the height of the MPI in pixels and the number of
planesv reSpeCtiVelY Let Mint,main» Mezt,mahﬁ Mint,auz
and Mzt que denote the internal and external camera
matrices of the main and auxiliary viewpoints, respec-
tively.
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Here, the sampled RGB value should only be added
to the pixel at P if dgue,p, < dsampled < dauz,p, + 1 is
satisfied.

3.4 Finalization

At this point, the MPI is complete, but not yet suitable
for rendering. The RGB and alpha values still have an
arbitrary range, while most graphics applications expect
them to be between 0 and 1. Since every color added
from both the main and auxiliary viewpoints has had
RGB values within this range and an alpha value of 1,
optionally having the whole RGBA vector multiplied by
a weight, the alpha value of every pixel in the MPI can
be treated as the high end of the range for that pixel.
This means the pixels can be normalized by dividing
their RGB values by their alpha values, provided the
alpha values are not 0. Since an alpha value of 0 prior
to this step implies the pixel has not been written to,
pixels with an alpha value of zero must remain as such.

b
7’91}
(6%

[7“ g b 04]2 [a «
0 if < 0.5

ifa>0.5

Here, 0.5 is used as the alpha cutoff, but since the alpha
value is always an integer in practice, any value between
0 and 1 will work.

After this step, all pixels in the MPI have RGBA val-
ues between zero and one, yet one artifact would still be
present if the MPI were to be rendered as is. Assuming
bilinear interpolation, any texture sample between trans-
parent and opaque pixels would be blended between the
color of the opaque pixels and the implicit black of the
transparent pixels. This would work correctly when ren-
dered with alpha blending, assuming premultiplied alpha
is used, but for when rendered with alpha cutoff. To fix
this, a final pass is applied where the color values of
transparent pixels are set to the average of its opaque
neighbors, and their alpha values are set to half the av-
erage of their neighbors.



Let v and v denote the pixel coordinates of any pixel
in any plane of the MPI. The new color value of that
pixel is then given by

[r g b ao,,= Sample (RGBAplam, [u})

v
[r g b al,, =Sample <RGBAplane7 L} Z 1})
r g b a],,, =Sample <RGBAplane7 [v _1:_ 1})
[r g b al,, = Sample (RGBAplane’ [u; 1D

[r g b a]mght = Sample <RGBApl,me7 [u + 1])

v

Qtotal = Olup + Qgown + Qleft + Qright

aorg  if cgrg > 0.5
Anew = § Qtotal clse
8
Told if apig > 0.5
0 else if aorar < 0.5

Tnew =
LTup + Zdown + Lleft + Tright

else
Qtotal

where x can be substituted for either r, g or b. Note that
once again, 0.5 is used as the alpha cutoff, but any value
between 0 and 1 should work.

3.5 Implementation & Rendering

We implemented our method in Rust and WGSL using
wgpu, an implementation of the WebGPU specification.
For the MPI building, the majority of the initialization
stage and adding viewpoints stage were implemented in
a compute shader each, and the finalization stage was
implemented in two compute shaders.

With the MPI built, the rendering is comparatively
simple. A mesh is built with np/gnes quads made from
two triangles, each with the aspect ratio and field of view
of the main viewpoint. The planes are ordered front to
back, and their depth is calculated as explained in sec-
tion 3.2. The mesh can then be rendered using a stan-
dard perspective view-projection matrix, bilinear inter-
polated texture sampling, and an alpha cutoff of 0.5.
Here, the value of the alpha cutoff does matter, since
the alpha values are no longer guaranteed to be inte-
gers. Alpha blending should explicitly not be used, as
the method produces alpha values of either exactly 0 or 1
almost everywhere in the MPI, and alpha values between
0 and 1 are only meant to to make the edges between
planes less jagged.

Figure 1: Scene 1, plane separation

An MPI with 64 planes built from the first 4 viewpoints of
scene 1, rendered from a perspective where the planes can
be seen separately.

Table 1: Total MPI generation time

Number of planes 32 64 128
2 viewpoints 132.3 ms | 237.3 ms | 402.0 ms
4 viewpoints 152.5 ms | 257.4 ms | 429.1 ms
6 viewpoints 160.7 ms | 267.2 ms | 458.0 ms
8 viewpoints 171.8 ms | 279.6 ms | 483.7 ms
10 viewpoints 186.2 ms | 306.2 ms | 511.2 ms

The time needed to build an MPI with the given numbers of
planes and viewpoints. Values are averages of 5 runs across
all 5 scenes, for a total of 25 measurements.

4 Evaluation

4.1 Performance

We evaluated our method using a subset of the VKITTI
2 dataset. 5 sequences of consecutive frames from the
dataset’s scenes and their variants were chosen to repre-
sent the dataset as a whole. VKITTI 2 contains images
of traffic conditions, and since MPIs only model static
geometry, sequences were chosen that do not show move-
ment in the scene, but only in the camera. Sequences
with a length between 1 and 5 frames were used, with
two cameras, resulting in scenes with 2 to 10 viewpoints.
For all measurements, the viewpoint of the first frame
from the left camera was chosen as the main viewpoint.
The depth values in the VKITTI 2 dataset range from
0 to 655.35 meters, and therefore 655.35 was chosen as
the depth cutoff (non-inclusive). Finally, each scene was
built with three different numbers of planes: 32, 64 and
128. An example can be seen in figure 1.

The numbers shown in table 1 and table 2 are from
tests ran on a modern laptop with an AMD Radeon™ RX
77008S. For information on the hardware used, as well as
all measurement outcomes, see appendix A.

Table 2: Time per auxiliary viewpoint added
Number of planes 32 64 128
Time per viewpoint | 8.8 ms | 10.8 ms | 14.4 ms
The time needed to add an auxiliary viewpoint (see section
3.3) to the MPI with the given number of planes. Values
are averages of a total of 625 measurements taken across the
same runs referenced in table 1.




As can be seen in table 2, the time per added view-
point remains far below the upper bound of 33.3 ms for
real-time use. It should be noted that this time per view-
point does not include the main viewpoint, as the mea-
surements were only taken during the second stage of the
MPI building process. Because there is only one main
viewpoint however, the time needed to include it is not
relevant for the target framerate.

Since the time needed to build an MPI using our
method depends linearly on both the number of planes
and the number of viewpoints, an approximation for the
time needed to build an MPI on the hardware used for
testing can be calculated from the values in table 1 and
is given by

Thuita = 32ms + 2.8ms - Npjanes+
(70m5 -+ 0.058ms - nplanes) * Nyiewpoints (1)

From this, we can calculate that on this hardware our
method could build MPIs with upwards of 400 planes,
while still ingesting viewpoints at an interactive rate.
This suggests that even significantly weaker hardware
would still be able to build MPIs in real-time, given a
more reasonable number of planes.

Another interesting observation is that with a low
number of viewpoints, the constant factor, which arises
from loading and saving data, setting up the graphics
device, allocating memory, etc., far outweighs the time
needed to add viewpoints. This points towards more
sophisticated methods still being able to be run in real-
time, given they are well optimized and run on suffi-
ciently powerful hardware.

4.2 Visual quality

Though the method succeeded in producing MPIs at
real-time, the quality of said MPIs is far from perfect.
In figure 2,the main viewpoint of scene 1 can be seen as
included in the dataset, and as rendered from an MPI
built using our method. In several places, parts of the
scene appear shadowed by a copy of itself. This happens
mostly at depth discontinuities, so these artifacts proba-
bly occur because the affected objects are projected onto
different parts of the planes from different viewpoints due
to rounding errors. On flat, textured surfaces, another
kind of artifact can be observed on the boundaries be-
tween planes. These artifacts are likely also caused by
misalignment between viewpoints due to rounding.

5 Responsible Research

5.1 Reproducibility

To comply with imposed ethical requirements, the use
of data within the project, as well as the reproducibil-
ity of the results, were critically evaluated. Since ex-
clusively publicly available datasets with open source li-
censes were used, anyone is able to download, inspect
and use the data that was used to evaluate our method.
The source code implementation of our method is pub-
licly available under a weak copyleft license, and can be

obtained from our GitLab repository'. The README.md
file contains instructions on how to set up the project
and how to reproduce our experiments using our code-
base. Results obtained from this implementation were
included directly in this paper without further process-
ing, ensuring that everything can be reproduced and ver-
ified independently. Finally, the likelihood of direct neg-
ative societal impact occurring as a result of this research
was deemed extremely unlikely, and therefore no further
precautions were taken.

5.2 Use of generative Al

For the implementation of our method generative AI
tools, specifically Github Copilot and Le Chat, were
used. No such generated code was inserted into the
codebase as-is, however. All Al generated content was
thoroughly checked, and, more often than not, fixed.
Furthermore, no Al tools were used for research or for
writing this paper. Technically, as of writing this paper
Google Search has become an Al-related tool, but only
the classical non-Al part was actually used. Therefore,
AT tools were only used for the implementation part of
this project.

6 Conclusion

Though many methods for building MPIs have been in-
troduced by prior works, little emphasis has been put
on the speed of MPI generation. Most modern meth-
ods rely on machine learning, which is usually slow, but
they can infer information not explicitly present in in-
put data. We have presented a method that can build
MPIs in real-time, and is therefore suitable for use in in-
teractive applications. Our method uses RGBD images
as input, which can be obtained from depth cameras,
depth inference techniques or generated synthetically.
On a high-end consumer-grade laptop, our implemen-
tation was able to ingest viewpoints at a significantly
higher rate than 30 per second, and therefore even sig-
nificantly weaker hardware should be able to build MPIs
at an interactive framerate.

6.1 Possible improvements

In its current state, our method was able to generate
MPIs at speeds far beyond what is necessary for real-
time use. Given some quite noticable visual artifacts are
present in the built MPIs, an investigation into more
complex algorithms may yield qualitative improvements
in the output of the method. For example: since the
weigth of all auxiliary viewpoints are equal, MPIs built
with more viewpoints that are less aligned with the main
viewpoint may suffer more visual artifacts due to errors
arising from the rounding down of the depth to the near-
est plane. Better results may be able to be obtained by
weighing viewpoints according to their alignment with
the main viewpoint, or by spreading out the writes across
multiple planes.

"https://gitlab.ewi.tudelft.nl/cse3000/
2025-2026-qg4/multiplane-images/floris
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Figure 2: Scene 1, main viewpoint

Top: The main viewpoint of scene 1, as included in VKITTI 2 [CMH20; GWCV16]. (Path:
vkitti_2.0.3_rgb.tar/Scene01/clone/frames/rgb/Camera_0/rgb_00000. jpg)
Bottom: An MPI with 64 planes built from the first 4 viewpoints of scene 1, rendered from the main viewpoint, and
brightened. Artifacts can be seen on the side of the car on the right, the streetlight on the far left, and the leaves of trees.

For the sake of simplicity, our method assumes all pix-
els to have depth values, but as mentioned earlier, this
property does not hold for data obtained from depth
cameras. To use such data, either the missing depth val-
ues would have to be inferred, or our method would have
to be adapted to be agnostic of the missing data. A pos-
sible approach could be to simply discard any writes to
the MPI if a pixel with a missing depth value was read,
and then to use a set of viewpoints such that all rele-
vant parts of the scene have depth values in at least one
viewpoint.
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A Performance measurements of MPI building

All times listed are averages of 5 measurements rounded to tenths of milliseconds. The measurements were taken on
a Windows 11 laptop in performance mode with the following hardware:

e CPU: AMD Ryzen™ 9 7940HS
e GPU: AMD Radeon™ RX 7700S
e RAM: 64GB, 5600MT /s

A.1 Scenel
e Scene: Scene01
e Variant: clone

e Start frame: 0

Total time (ms) 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 130.1 137.7 158.4 169.2 182.5
64 planes 240.3 262.8 268.1 277.1 315.8
128 planes 420.3 410.0 473.4 503.1 522.0
Time per viewpoint (ms) | 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 8.9 8.6 9.1 8.5 8.3
64 planes 11.3 10.3 10.9 10.6 10.7
128 planes 16.1 14.7 14.0 14.4 14.4
A.2 Scene 2

e Scene: Scene01
e Variant: clone
e Start frame: 160

Total time (ms) 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 125.9 158.9 165.7 166.9 194.7
64 planes 229.9 264.4 267.2 286.9 305.0
128 planes 397.9 452.1 459.2 470.8 521.6
Time per viewpoint (ms) | 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 9.6 8.9 8.7 8.6 8.7
64 planes 13.0 11.0 10.7 10.2 10.2
128 planes 15.2 14.2 14.2 13.8 14.2
A.3 Scene 3

e Scene: Scene01
e Variant: 15-deg-right
e Start frame: 224

Total time (ms) 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 124.7 156.3 159.3 175.8 179.8
64 planes 230.1 249.9 289.0 291.2 312.9
128 planes 397.6 429.2 448.5 475.2 498.5
Time per viewpoint (ms) | 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 10.6 9.2 9.0 8.6 8.4
64 planes 12.0 10.6 10.7 10.9 10.6
128 planes 15.4 15.2 14.0 14.3 14.2

A.4 Scene 4
e Scene: Scene06
e Variant: 30-deg-left
e Start frame: 236



Total time (ms) 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 130.9 153.4 153.2 169.7 185.8
64 planes 245.2 258.4 236.7 285.3 293.5
128 planes 403.7 427.7 444.3 488.9 496.6
Time per viewpoint (ms) | 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 9.6 9.3 8.9 8.6 8.8
64 planes 11.5 11.0 10.6 10.6 10.8
128 planes 15.0 14.5 14.1 14.5 14.2
A.5 Scene 5

e Scene: Scenel8
e Variant: clone
e Start frame: 42

Total time (ms) 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 149.7 156.4 166.7 1774 188.3
64 planes 241.2 251.3 274.8 257.6 304.0
128 planes 390.4 426.7 464.7 480.6 517.3
Time per viewpoint (ms) | 1 frame | 2 frames | 3 frames | 4 frames | 5 frames
32 planes 9.9 9.5 8.6 8.9 8.9
64 planes 11.7 11.5 11.1 11.2 10.8
128 planes 15.0 14.8 14.9 14.5 14.5
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