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1. Introduction

Photorealistic image-based reconstruction is an important
problem that has been pursued for a long time by the com-
puter vision and computer graphics communities due to its
wide range of applications in 3D content creation and en-
tertainment. Recent neural rendering techniques, initiated
by Neural Radiance Fields (NeRF) [15] and 3D Gaussian
Splatting (3DGS) [10], introduced a breakthrough in gener-
ating high-quality multi-view renderings for static scenes.
Along with the success of static 3D reconstruction tech-
niques, a natural follow-up research direction was to also
account for time and model dynamic scenes. Specifically,
given either a single-view monocular video or multiple
multi-view videos input, the expected output of dynamic
3D scene reconstruction is an implicit or explicit representa-
tion that can effectively capture the change of objects, peo-
ple, lighting, surfaces, or any other environmental condi-
tions over time. As most of the real-world environments
are dynamic, simulating the changes of 3D scenes allows us
to have many highly impactful applications in different do-
mains, such as capturing moving animations in video games
or movies, training robotic agents for urban planning, and
simulating real-world scenes and events for virtual environ-
ments during AR or VR game development.

Compared to static scene reconstruction, dynamic scene
reconstruction is a much more difficult problem, as different
methods need to capture both the spatial and temporal dy-
namics within the scene. To handle the spatial and temporal
continuities within dynamic scenes, many methods aimed to
directly learn parametric 6D plenoptic functions using neu-
ral models [1, 7, 12, 24]. These methods did not explicitly
model the motions and changes of the scene’s structure over
time and relied on the neural models to learn by themselves.
On the other hand, other approaches explicitly modeled the
scene’s underlying motions by conditioning their 3D repre-
sentations on a time variable, using either different types of
temporal functions or a deformation field [14, 18, 22, 28].
Regardless of the direction, most methods were only able to
model dynamic scenes for only a few seconds. They gener-
ally had trouble with generating high-quality renderings at
real-time speed and had to trade off one to boost the other
[13, 28, 29].

Besides the difficulty posed by the complexity of the

dynamic 3D scene reconstruction task, the weaknesses of
many methods came from the underlying static reconstruc-
tion method that they extended. The early NeRF-based ar-
chitectures [2, 3, 15] were notorious for their low render-
ing speed, which many subsequent works tried to mitigate
[6, 16, 25, 30, 31]. Most 3DGS-based models utilized a
rasterization pipeline to speed up the running time, which
made it non-trivial for them to render complex lighting ef-
fects [8]. Recently, Radiant Foam [8] was introduced as a
method that could render high-quality scenes and complex
lighting conditions at real-time speed using a ray tracing
pipeline and a Voronoi-based representation.

This project aims to extend Radiant Foam with addi-
tional temporal variables to capture dynamic scenes. The
contributions can be summarized as follows:
• A new set of temporal functions are introduced to model

the changes of point densities, motions, and attributes
over time.

• A temporal perturbation mechanism is proposed to avoid
structure collapse and increase the model’s robustness.

2. Related Works
2.1. Static Scene Reconstruction

In recent years, image-based novel view synthesis has ob-
served a huge breakthrough, which started with the intro-
duction of NeRF [15]. NeRF utilized a volumetric radi-
ance field as the implicit 3D representation and leveraged
a coordinate-based MLP to render high-quality scene im-
ages at different viewing angles with the use of volumetric
rendering. Subsequent works attempted to alleviate the ma-
jor weakness of NeRF, which is its low rendering speed, by
improving the input encoding strategy [16], the sampling
strategy [1, 17], utilizing grid structures [5, 25], or incor-
porating other localized neural representations [3, 19, 30].
Most of these methods employed a complex multi-stage
training paradigm to maintain NeRF’s rendering quality at
higher speed [8]. Later, 3DGS [10] was introduced, which
employed 3D Gaussians as the point-based representation,
which carries the colour, opacity, and position informa-
tion in the scene. 3DGS leveraged a differentiable raster-
ization pipeline, which allowed it to render photorealistic
multi-view images at high speed. However, most 3DGS-
based methods suffered from floater artifacts and flicker ef-
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fects [9, 23, 28, 32] due to the difficulty of rendering com-
plex lighting effects with rasterization [8]. Given that most
dynamic reconstruction works extended existing static re-
construction methods with additional temporal factors, they
also inherited the weaknesses of the underlying static re-
construction methods. Recently, Radiant Foam [8] was in-
troduced as a ray tracing method that could capture high-
quality static scenes at real-time speed. Radiant Foam di-
vided the 3D space into a dense Voronoi tessellation, where
each point belonged to exactly one Voronoi cell. During ray
tracing, the rays accumulated the radiance of all the passing
cells to get the final pixel color. Radiant Foam is a good
candidate for dynamic reconstruction as it can render pho-
torealistic images with complex lighting conditions at high
speed.

2.2. Dynamic Scene Reconstruction

Dynamic scene reconstruction is a difficult task due to the
intricacy of learning the underlying spatial and temporal
correlations within the scene. Early works attempted to
extend NeRF and learn a parametric 6D plenoptic func-
tion by adding a time-conditioned latent code [12], sepa-
rating static and moving components [11, 24], leveraging
keyframe-based representations for a sampling prediction
network [1], and factorizing dynamic scenes into 2D fea-
ture planes [4, 7]. These methods often struggled with cou-
pling the parameters [29]. Other methods extended NeRF
or 3DGS and explicitly modeled the continuous motions or
deformations in the scene by conditioning the underlying
structure on a time variable [13, 29] or leveraging a defor-
mation field [27, 28]. Compared to the earlier methods with
a 6D plenoptic function, this line of work performed better
in learning rigid motions, and they were flexible enough to
account for topological shifts in the videos [28]. 4D Gaus-
sian Splatting [29] directly incorporated time into the for-
mulation of 3D Gaussians, enabling high-quality dynamic
generation at real-time speed. However, they relied on prior
assumptions of the data, such as the availability of depth
information. Spacetime Gaussian [13] introduced different
temporal radial basis functions to encode time in the point
densities, motions, and attributes within the scene and was
able to render high-quality dynamic scenes at a higher speed
than 4D Gaussian Splatting. However, they were bounded
by the limitations of the rasterization pipeline in capturing
complex lighting conditions. In this project, I borrow the
ideas behind Spacetime Gaussian with significant modifica-
tions to the temporal radial basis functions.

Compared to dynamic multi-view reconstruction, dy-
namic monocular reconstruction is a harder task where the
model can only rely on a single-view monocular video, with
one captured viewpoint at each time step. Most multi-view
reconstruction methods failed on the monocular tasks, and
many dynamic monocular reconstruction works had to rely

on additional supervision from geometric, motion, or scene
flow priors [13]. In this project, the proposed method will be
evaluated on both the monocular and multi-view settings.

3. Approach
In this project, I leveraged the Radiant Foam codebase and
implemented my own set of temporal radial basis functions
to incorporate time into the architecture and my own data-
loaders for the two datasets D-NeRF [18] and Neural 3D
Video [12] to feed the necessary inputs and outputs to the
training pipeline. I also made modifications to the entire
rendering pipeline where necessary to adopt the changes in-
troduced by the new architecture and data loaders. All the
changed files will be listed in the README.md documen-
tation of the GitHub repository that will be provided. In the
following sections, I will first provide a high-level expla-
nation of the rendering pipeline utilized by Radiant Foam,
followed by the changes that I made to incorporate time.
Two additional implementations that I added to the code-
base to increase the training performace, which are the tem-
poral perturbation and the Structure Similarity Index Mea-
sure (SSIM) loss [26], will be outlined in the following sec-
tion. Finally, I will give reasonings about how my project
involves rendering and image generation.

3.1. Volume Rendering Pipeline

Given a ray cast from a viewpoint to the scene, the vol-
ume rendering technique allows all points in the scene to
contribute to the final color of the ray, often in the forms
of density and radiance. Specifically, between the segment
(qmin, qmax) of the viewing ray, the color cr of ray r is:

cr =

∫ qmax

qmin

T (q) · σ(r(q)) · c(r(q))dt (1)

T (q) = exp

(
−
∫ q

qmin

σ(r(u))du

)
(2)

where r(q) indicates the point at distance q along ray r,
σ(r(q)) is the point density, and c(r(q)) is the point radi-
ance.

Radiant Foam expressed the density field σ and radiance
field c as constant values within each foam cell and sim-
plified the volume rendering equation as the sum of M ray
segments:

cr =

M∑
m=1

Tm · (1− exp (−σmδm)) · cmdt (3)

Tm =

m∏
j=1

exp (−σjδj) (4)

where δm denoted the width of segment m.



3.2. Temporal Modeling

Radiant Foam leveraged spherical harmonics to compute
the point radiances and utilized learnable parameters to rep-
resent the point positions, densities, and spherical harmonic
coefficients for training. To model dynamic scenes, the goal
of this project was to represent the three attributes with tem-
poral functions.

Temporal Density. Inspired by Spacetime Gaussian
[13], I used a temporal radial basis function to represent
the density σi(t) of point i at time t. My temporal density
function was different from Spacetime Splatting, which had
empirically shown to be better for training dynamic Radiant
Foam:

σi(t) = σs
i exp

(
−|t/T − µτ

i |2

exp(2sτi )

)
(5)

where T was the duration of the scene, µτ
i denoted the tem-

poral center, sτi was a learnable temperature, and σs
i was the

time-independent spatial density, which I used the original
learnable density parameters in the Radiant Foam codebase
to represent. µτ

i represented the timestamp that point i was
most visible, and sτi was the duration where the temporal
density was high.

Temporal Position. Similar to Spacetime Gaussian, I
employed a radial basis polynomial function to model the
position µi(t) of point i at time t:

µi(t) = µs
i +

np∑
k=1

bi,k (t/T − µτ
i )

k (6)

where {bi,k}
np

k=1 were the learnable polynomial coeffi-
cients, with np = 5 as the polynomial degree. I used np = 5
instead of np = 3 like Spacetime Gaussian as I found em-
pirically that the training performance was not good for
np = 3. µs

i denoted the time-independent canonical po-
sition, which was represented using the original learnable
position parameters in the Radiant Foam codebase.

Temporal Spherical Harmonics. Inspired by Yang
et al. [29], I generated the temporal spherical harmonics by
merging the spatial spherical harmonics with a 1D Fourier
sequence. Since the exact calculation of the spherical har-
monics was implemented using CUDA programming in
the Radiant Foam’s codebase, I implemented the temporal
spherical harmonic shi(t) of point i at time t by modifying
the spatial spherical harmonic coefficients:

shj
i (t) = cos

(
2πj

T
t

)
shs,j

i (7)

where shj
i (t) was the jth coefficient of the temporal spher-

ical harmonic shi(t), and shs,j
i was the jth coefficient of

the spatial spherical harmonic shs
i of point i. j was also the

order of the Fourier series. Let as,ji be the jth term of the

(a) Rendered image at iteration 1500.

(b) Rendered image at iteration 2000.

Figure 1. Structure collapse during training. Smooth structures
learned at earlier iterations broke down in later iterations.1

spatial spherical harmonic shs
i :

shs
i =

l∑
j=1

as,ji shs,j
i (8)

where l is the number of spherical harmonic terms. Eq. (7)
directly leads to the formulation of the temporal spherical
harmonic shi(t):

shi(t) =

l∑
j=1

as,ji shj
i (t)

=

l∑
j=1

cos

(
2πj

T
t

)
as,ji shs,j

i

(9)

1All the illustrations shown in this report were the generated images for
the first images of the test sets, which were the representatives of the entire
test sets.



Figure 2. Color gradient dependency problem. (left) the generated image during training. (middle) the ground-truth image. (right) the error
map between the generated image and the ground-truth image, which was calculated using an L1 distance metric. The model focuses on
reconstructing regions with high color intensities and ignore other regions.

3.3. Temporal Perturbation

When the model was trained with discrete frame times,
there was often a stability problem where the scene struc-
ture that the model learned in the earlier iterations suddenly
collapsed in later iterations, as can be seen in Fig. 1. Color
jitters appeared in many regions in the rendered image, and
local structures were no longer maintained. It often took the
model a few hundred iterations just to recover the original
structure, which slowed down the training significantly.

This structure collapse phenomenon might have hap-
pened because the model was not able to learn the temporal
continuity with the discrete frame times data, hence, I added
randomness to the training frame time to make it continu-
ous. Specifically, for each training frame, the frame time t′

was sampled from a Gaussian distribution, where the mean
is the true frame time t and the standard deviation is the av-
erage frame duration ∆t of the scene divided by 4, which
was found empirically:

t′ ∼ N (t,∆t/4) (10)

The training frame time t′ was clipped by ∆t/2, so that it
would not be too far off from the true time t:{

t′ = t+∆t/2 if t′ > t+∆t/2
t′ = t−∆t/2 if t′ < t−∆t/2

(11)

3.4. Color Gradient Dependency

Another problem that the model encountered during train-
ing was the color gradient dependency problem, where it
relied too heavily on color gradients for learning temporal
correspondences. The result was that the model focused on
reconstructing the regions with high color intensities in the
scene and ignored the other regions with lower color inten-
sities, as can be seen in Fig. 2.

To mitigate this issue, I employed the Structure Similar-
ity Index Measure (SSIM) loss [26] in addition to Radiant

Foam’s losses. SSIM is a perceptual loss that takes into ac-
count luminance, contrast and most importantly, the local
structure within the images:

LSSIM(x, y) = 1− (2µxµy + c1) (2σxy + c2)(
µ2
x + µ2

y + c1
) (

σ2
x + σ2

y + c2
) (12)

where µ and σ are the pixel sample mean and variance re-
spectively. The SSIM loss ensures the structure integrity
when training and makes the model less prone to learning
only the high color intensity regions.

The final training objective of the model was as follows:

L(pred, gt) = LRF (pred, gt) + λLSSIM(pred, gt) (13)

where LRF is the original training objective of Radiant
Foam and λ is the weight of the SSIM loss, which I set
to 0.25.

3.5. Relations to the Course

This project is heavily related to rendering and image gen-
eration. The volumetric rendering technique is utilized in
the project to render the final video frame results from the
temporal point positions, densities, and spherical harmonic
coefficients.

4. Results & Analysis
4.1. Datasets

The method introduced in this project was evaluated on both
the monocular and multi-view scenarios. For the multi-view
setup, I employed the Neural 3D Video dataset [12], which
contains six real-world scenes, each lasting around 10 sec-
onds. The evaluation was conducted on the coffee martini
scenario. Due to the resource constraint, I extracted each
view video at 30 FPS and only used the first 30 frames for
training and evaluation. The frames from camera 0 were set



aside for testing, and all the frames from the other cameras
were utilized for training. I used COLMAP [20, 21] to gen-
erate the initial point positions and downsampled the frame
images to four times for both training and evaluation.

For the monocular evaluation, the evaluation was con-
ducted on the bouncing balls scenario of the D-NeRF [18]
dataset. D-NeRF contains eight monocular videos of syn-
thetic scenes with 50-200 frames, and only one single image
from a viewpoint is accessible at each time step. D-NeRF
was used by many of the dynamic reconstruction works to
evaluate their methods [18, 28, 29], and it is a well-known
dataset for monocular scene reconstruction. A subset of the
real data from the Neural 3D Video dataset was also utilized
to evaluate the model’s performance on monocular view re-
construction. Specifically, I used the first 150 frames from
camera 0 for the training and 150 frames from camera 7 for
the evaluation. The example testing frames and generation
results are illustrated in Sec. 4.4.

4.2. Training Details

Similar to Radiant Foam, I employed an Adam opti-
mizer and directly optimized the learnable parameters using
spherical harmonics of degree three. For the spatial point
positions, I used an initial learning rate of 2e−4 and decayed
it using a cosine annealing scheduler to a final learning rate
of 5e−6. The initial learning rate for the temporal point po-
sition polynomial coefficients was 4e−4, and it was decayed
to 9e−6 using a similar scheduler. The initial learning rates
for the point densities and spherical harmonic coefficients
were 1e−1 and 5e−3, and their final learning rates were
1e−2 and 5e−4 respectively. I used 5e−4 and 3e−2 as the
initial learning rate for the temporal center and temperature,
and 5e−5 and 3e−3 as their final learning rate respectively.
The model was trained for 50000 iterations, where the first
2000 iterations were for warm-up training. After the first
2000 iterations, the total number of Voronoi cells gradually
increased until iteration 31000.

A core operation of Radiant Foam is the Delaunay trian-
gulation to construct the Voronoi cells. The Delaunay trian-
gulation was implemented using an Axis-Aligned Bounding
Box (AABB) tree, which was rebuilt incrementally with the
assumption of fixed point ordering after a certain number
of iterations in the Radiant Foam’s codebase. The original
Radiant Foam codebase did a full rebuild of the AABB tree
after each densification and near the end of the training. In
this project, as the neighbors of each point differed depend-
ing on the time frame, I did an incremental rebuild of the
AABB tree after each iteration and a complete rebuild of
the AABB tree after every 1000 iterations.

4.3. Points of Comparisons

As most of the training results were not complete due to the
resource constraint and the original Radiant Foam model

(a) Rendered image at iteration 1500.

(b) Rendered image at iteration 2000.

Figure 3. Effects of Temporal Perturbations. Smooth structures
learned at earlier iterations were maintained in later iterations.

could not be directly applied to dynamic scene reconstruc-
tion, I did not have a baseline or comparisons to external
methods with completed training results. The trained mod-
els were mostly ranked based on how similar the generated
renderings were to the ground-truth images.

4.4. Analysis

Effects of Temporal Perturbations. Adding perturbations
to the frame time had a strong effect on stabilizing the train-
ing, and structure collapse no longer happened frequently.
This effect was maintained throughout the experiments with
temporal perturbations, which showed that the model be-
came more robust in capturing continuous frame times.

Effects of SSIM Loss. The effects of the SSIM loss were
high. As can be seen in Fig. 4, the model changed its focus
to reconstructing the entire scene uniformly instead of just
the regions with high color intensity. The model also con-
verged faster. The rendering shown in Fig. 4 was generated



Figure 4. Effects of SSIM Loss. (left) the generated test image. (middle) the ground-truth test image. (right) the error map between the
generated image and the ground-truth image, which was calculated using an L1 distance metric. The model reconstructed the entire scene
uniformly.

(a) Qualitative results on the D-NeRF’s test set.

(b) Qualitative results on the Neural 3D Video’s test set.

Figure 5. The model’s performances on the monocular scene reconstruction task. (left) the generated test image. (middle) the ground-truth
test image. (right) the error map between the generated image and the ground-truth image, which was calculated using an L1 distance
metric.

at iteration 500 with the SSIM loss, but normally it would
take around 12000-16000 iterations to have a rendering with
similar qualities without the SSIM loss.

Qualitative Results on Monocular Scene Reconstruc-
tion. My experiments showed that the model did not per-

form well on the monocular scene reconstruction task, as
can be seen in Fig. 5. On the synthetic data of the D-NeRF
dataset, the model was not able to converge and rendered
images with incorrect colors. Although many learnt point
positions seemed to be somewhat correct, the other point



Figure 6. Qualitative results for the multi-view setup on the Neural 3D Video’s test set. (left) the generated test image. (middle) the
ground-truth test image. (right) the error map between the generated image and the ground-truth image, which was calculated using an L1
distance metric.

positions were far off from the ground-truth image. On the
subsamples of the Neural 3D Video datasets that I used for
the monocular pipeline, although the qualities of the ren-
dering in many parts were good, the model seems to have
been overfitted to the training data as it was not able to pro-
vide renderings from the correct viewing angles. This result
might have happened because a single-view video was not
able to cover a wide enough range of viewing angles for the
model to generalize.

Qualitative Results on Multi-view Scene Reconstruc-
tion. The multi-view reconstruction required significantly
higher computing resources and training time because of the
large amount of training data and that the AABB tree had
to be repeatedly rebuilt during training. Although I did not
have enough resources to complete the training, the inter-
mediate rendering showed that the model was able to gen-
eralize to the correct viewing angle, as can be seen in Fig. 6.
Given more training time, it should be able to reconstruct
the scene fully.

4.5. Ablation Study

Beside the modeling approach using the temporal radial ba-
sis functions mentioned above, I also tried another method
to add time to Radiant Foam for the monocular scene re-
construction task, which is to add a simple fully connected
deformation network that took the canonical point position
and density, as well as time t and returned the motion and
density offset. This approach did not go well because even
for a simple scene, the VRAM usage blew up by a lot, and
I soon ran out of memory. The deformation network was
not a main approach proposed in the project, it was a de-
scription of what I attempted to do in the project and did
not work.

5. Limitation
Although this project proposed a method for incorporat-
ing time into Radiant Foam that seemed to work on multi-

view scene reconstruction, the training was not complete,
so follow-up works will benefit from completing the train-
ing and get different metric numbers to have a fairest com-
parison between dynamic Radiant Foam and other existing
methods. To do that, a major weakness of this method that
needs to be resolved is the training time. A few good di-
rections for future works to mitigate this weakness are im-
plementing a dynamic AABB tree to perform triangulations
and finding a better way to represent the adjacency list with-
out having to redo the triangulation at every step. Future
works can also benefit from having a more suitable prun-
ing and densification strategy for this method, which are
potential in improving the model’s performance. Since the
training results showed that the approach with temporal ra-
dial basis functions did not work well with monocular video
reconstruction, it is also a good direction to look for other
approaches to incorporate time into Radiant Foam.

6. Conclusion

This project introduced a method to add time variables to
Radiant Foam using temporal radial basis functions. A tem-
poral perturbation method and an inclusion of the SSIM loss
to the final training objective were also introduced to in-
crease the training robustness and performance. Although
the method did not perform well on monocular scene recon-
struction, the preliminary training results on the multi-view
scene reconstruction task showed positive signals about the
model’s convergence, which might benefit from a full train-
ing. A few key takeaways from this work are firstly, the
temporal radial basis functions approach does not work well
with monocular videos, especially when the viewing angles
are limited. Secondly, dynamic reconstruction with Radi-
ant Foam is very sensitive to pruning, so it might help the
future works to evaluate their methods after doing just den-
sification to confirm the effectiveness before starting to ex-
periment with any type of pruning. Finally, for this type
of reconstruction with Radiant Foam, the point density is



also very sensitive to change, so a lot of trials and errors are
necessary to design a good temporal function.

7. Timeline

• Week 1 (17/2 - 23/2): Read Radiant Foam’s codebase,
replicated results. Implemented dataloaders for D-NeRF
& Neural 3D Video.

• Week 2 & 3 (24/2 - 9/3): Pre-computed COLMAP sparse
reconstructions. Added temporal modelling and ran ex-
periments on monocular videos.

• Week 4 (10/3 - 16/3): Modified the training pipeline for
multiviews videos.

• Week 5 (17/3 - 23/3): Fine-tuned multiviews pipeline,
experimented with different temporal functions, losses...

• Week 6 (24/3 - 30/3): Implemented deformation net-
work, experimented on the monocular pipeline.

• Week 7 (31/3 - 6/3): Conducted final evaluations, wrote
report.

8. Code

https : / / github . com / quangminhdinh /
CMPT469-Final

The documentation is provided in the README.md
file.
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