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Abstract—3D reconstruction of a dynamic scene has been
a challenging task in vision. Several strategies have been
developed to enhance the reconstruction of dynamic scenes,
with some employing tri-projection decomposition techniques
that surpass D-NeRF in terms of speed and effectiveness.
This paper introduces Trini, which decomposes a dynamic
3D scene into three volumes dealing with the 3D coordinates
influenced by time. Each volume is further structured with
four marginalized planes. These planes are then integrated
with a compact MLP for rendering superior results in a
seamless manner. Additionally, we incorporate a technique to
efficiently determine coordinates in a set of distinct images for
enhancing the reconstruction process for cases involving sparse-
view camera images. The efficacy of our method outperforms
other state-of-the-art techniques and is particularly evident in
capturing the dynamic elements and edges present in the scene.
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I. INTRODUCTION

Reconstructing a 3D scene from a set of 2D images
has a plethora of applications in augmented reality, virtual
reality and robotics. Representing a static scene is inherently
time-consuming, and capturing a dynamic scene poses an
even greater challenge. Recently, there has been significant
progress in 3D reconstruction using Neural Radiance Fields
(NeRF) [1]. By supplying a 5D input of spatial coordinates
(x,y,z) and camera view angles (6, ¢) to a multilayer per-
ceptron (MLP), NeRF can effectively encode this mapping
into emitted radiance values and volume density. NeRF has
improved in terms of accuracy and computation time [3], [4],
[5]. Remarkable speedups in training time were observed
when employing the approaches proposed by [I1], [12],
[13]. These methods leverage explicit spatial data structures,
which are then decoded by compact MLPs. Consequently,
the training time is automatically reduced, as there is no
longer a single MLP tasked with learning the entire scene.

NeRFs were also extended to dynamic scenes [6], [2], [7],
[8]. It has been seen that using MLPs directly to reconstruct a
static scene takes several hours along with great computation
power. For dynamic scenes, this process is even further
time consuming and complex. It sometimes takes days of
GPU time to reconstruct a simple dynamic synthetic scene,
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Figure 1. Given a pair of images after passing through CNNs, red dotted
lines show how Tensor4D[10] follows the same set of coordinates from
the first image. Our proposed rovering technique enhances the flexibility
in feature extraction (blue lines). It is responsible to find the best suitable
new set of coordinates in the second image for the better reconstruction of
the scene, check figure 2

thus making it quite impractical to be adopted for real-
life applications. Undoubtedly, substantial GPU time was
a necessity. Nevertheless, these findings laid the crucial
foundation for advancing towards the reconstruction of dy-
namic 3D scenes. HexPlane [15] inspired by the work of
TensoRF[ 1 1] extended its application from static scenes to
dynamic scenes. The training time was significantly reduced
in this case and could also be used for a real set of images.
Tensor4D[10] is also like another variant of Hexplane[!5]
which uses nine planes instead of six. Additionally, it uses
convolutional neural networks (CNNs) for the images from
sparse-view camera settings. Our work extends the work of
TensordD[10] to get better results.

Another variant for dynamic reconstruction was also in-
troduced by TiNeuVox[17] which tried to represent scenes
with time-aware voxel features. The given 3D point is first
represented to a canonical space and then the voxel features
are fetched. This work is a fast way to reconstruct a dynamic
scene quickly. However, it does fail to render high quality
images.

In this paper, we introduce Trini, a method designed to



Figure 2. The first row shows the output after employing the proposed rovering technique. The second row is the output after training the network with
the same number of epochs without the rovering technique. Rovering technique helps rendering sharper images which can be clearly seen.

efficiently represent dynamic scenes. We build upon the
tri-projection decomposition technique initially employed in
EG3D [9]. This approach enables us to encode the dynamic
scene in a memory-efficient manner, reducing reliance solely
on the MLP for scene reconstruction. As a result, both
training and rendering times are significantly decreased.
Trini decomposes the dynamic scene into three volumes
using the tri-projection decomposition technique. Each of
these volumes comprises pairs of coordinates, as well as
pairs of coordinate axes concatenated with time. This results
in a total of four pairs of streamlined planes within each
volume. Trini encodes the 4D point in these three volumes
and it is further passed through a compact MLP to obtain
better results. Unlike Tensor4D [10], which uses same set
of coordinates to extract features from the set of images,
we employ a rovering technique which enables flexibility
in terms of feature selection. In the rovering technique, we
employ a small MLP which gives flexibility in choosing
different coordinates from the set of images. This rovering
technique is also pictorially shown in Figure 1 and how
employing this efficient technique has helped rendering
sharper set of images which can be seen in Figure 2. Lastly,
drawing inspiration from FreeNeRF[14], we incorporate a
regularization scheme to control the frequencies of input pro-
vided to our proposed architecture during the initial epochs.
By integrating the proposed decomposition and rovering
techniques, along with the regularization of input to the
architecture, we achieve sharper renderings of novel views

at varying time points. Through comprehensive comparisons
with existing state-of-the-art methods, we demonstrate the
superior performance of our approach on the sparse-view
camera settings Tensor4D dataset [10].

Thus, we summarize our contributions as follows:

o We introduce an architecture that efficiently decom-
poses dynamic 3D scenes and subsequently renders
them in high-quality from novel viewpoints and times.

« Leveraging the rovering technique for sparse-view cam-
era settings, we process a set of images simultaneously.
This technique proves effective in extracting features
from the resulting feature maps after passing the images
through CNNss.

o Through comprehensive evaluations on sparse-view
camera settings, our method consistently outperforms
other state-of-the-art methods across a majority of
the evaluation metrics, showcasing superior rendering
quality, especially on the border parts of the masked
images.

II. RELATED WORK

Neural Implicit Representations. Recent advancements in
2D deep learning have pushed the boundaries into the realm
of 3D. Rigid geometries can be effectively represented using
methods such as point clouds [22], octrees [23], and voxels
[24], [25]. Implicitly encoding 3D scenes [26], [27], [28],
[29], [30], [371, [38], [39], [40] through neural networks
has garnered significant attention and progress in recent re-
search. Initial endeavors in this domain necessitated ground-



truth 3D geometry, posing a challenge due to reliance on
external sensors for depth data. This limitation hindered its
applicability in real-world scenarios, where suitable datasets
are not readily available. Subsequent advances alleviated this
requirement, relying solely on image inputs.

The introduction of NeRF[!] marked a significant mile-
stone in 3D reconstruction. By providing 3D coordinates
and camera view angles to an MLP, NeRF enabled the re-
construction of 3D scenes. Subsequent iterations and variants
[16], [31], [32], [21], [33], [34] further refined and expanded
upon NeRF’s capabilities, demonstrating exceptional results
in novel view synthesis [35], [3], [36]. In GeoNeRF[59], the
authors bifurcated their approach into two distinct phases.
The first phase involves the creation of a volume using
a transformer-based attention mechanism, utilizing nearby
views provided as inputs. The second phase is dedicated
to rendering from the generated volumes. In NSVF[41],
implicit fields influenced by voxels were utilized for 3D
surface reconstruction.

The versatility of NeRF extended its applications to
diverse fields, including image generation [42], [43], [44],
[45], [46] and human rendering [47], [48], [49]. Mixture
of implicit and explicit representations [I1], [56], have
significantly reduced the training time significantly. In a
noteworthy contribution, FreeNeRF[!4] emphasized that
while these approaches involve intricate mathematics and
geometry for 3D scene reconstruction, such complexities
can be circumvented by regulating the input frequencies
provided to the network. In the initial epochs, the input was
directly fed with low frequency input data only, enabling the
network to quickly minimize loss. After a specific number of
epochs, higher frequencies were introduced to capture finer
details.

Another variant of NeRF[1], Ref-NeRF[4] focused on
rendering glossy surfaces. While NeRF[I] demonstrated
commendable performance, particularly on Lambertian sur-
faces, it faced challenges when dealing with non-Lambertian
surfaces. To address this, regulators were applied to the
normal vectors, enabling the accurate rendering of specular
reflections. Another unique variant Deblur-NeRF[60], whose
main objective is to render sharp rendering from the blurry
inputs. These blurry inputs generally happen due to camera-
motion or of-focus of image.

Although, an essential requirement of NeRFs[ 1] are dense
set of input images and it faces huge performance issues if
this requirement is not met. This requirement is not realistic
and dense set of images of a scene are not always readily
available. MixNeRF[01] gave the ability to reconstruct a
scene from sparse set of camera poses. It estimates the joint
distribution of RGB colors along the ray samples taken from
the sparse set of camera poses.

Inspired by the work of 2D generative models [65], where
a set of latent code is fed as input to the network and
finally an output is retrieved from it, DeepSDF[37] and IM-

NET [38] established the signed distance fields based on
the latent code given as input. Simlarly ONet[26], created
an occupancy field while SRN[29] encoded a representation
which was decoded using LSTMs and were dependent on
the cameras poses only and not on the depth information.

In TensoRF[!1], the EG3D technique [9] is employed
to encode the 3D scene in an efficient manner. Instead
of depending on resource-intensive attention-based models
or large-scale MLPs for reconstruction, this approach ef-
ficiently represents dimensions through a set of volumet-
ric planes. This not only reduces training time, but also
enhances rendering quality, reduces rendering time, and
minimizes the number of parameters utilized. Mip-NeRF[16]
approximated integral of the conical view frustum of the
points along the ray. Exact-NeRF[62] extended the work of
Mip-NeRF[16] by exploring how the results would be af-
fected if upon no approximation of the integrated positional
encoding by using the pyramid-based integral formulation.
Neural Renderings for Dynamic Scene NeRF[1] was ex-
tended to dynamic scenes to be used for real-life applications
[50], [51], [52]. D-NeRF[6] stands as one of the first works
in enabling NeRFs[1] to handle dynamic scenarios. Instead
of directly incorporating the time variable into the input, D-
NeRF[6] first transformed the input to a canonical space,
followed by the use of another MLP to render the output.
Although this approach yielded promising results, it was
characterized by extensive training time like 30-35 hours
for a synthetic dynamic scene. [50], [51], [52] are the other
works that extended NeRF[I] to dynamic scenes for real-
life applications. Time-aware MLPs have been introduced
[17], [53], [54], [55] to reduce the training time of dy-
namic NeRFs. While MLPs can expedite processing time
in comparison to previous architectures, their efficacy as a
solution is not consistently advantageous. The reduction in
time, although noticeable, is not substantial, and there is no
significant improvement in rendering quality.

Certain methods, such as Space-time Neural Irradiance
Fields[57], operate by taking a spatiotemporal irradiance
field and subsequently estimating depth from individual
frames of a video. On the other hand, approaches like
[58], [8] rely on point trajectories to gain insights into
the presented scene. DynIBaR [63] gives the ability to
render images from novel views and times by reconstructing
dynamic 3D scenes of monocular videos. It uses an MLP
to estimate how a point in 3D moved with respect to
time. It finds the trajectory of the point by taking the next
three and previous three frames into consideration. This
technique was combined with an attention-based architecture
to render images. It takes almost two days to train the
entire architecture for reconstructing a dynamic scene. In
RoDynRF [64] the reconstruction of the dynamic scene
happens without the camera poses and parameters. Since the
Structure from Motion algorithms sometimes do not estimate
the right pose values for complex videos, RoDynRF [64]



Decomposition of
Dynamic Scene

B —%

¥y —K

concat

Rovering Technique

CNNs

Figure 3.

The comprehensive architecture is depicted for the sparse-view camera settings. Here, each W represents a time-dependent volume, visually

represented in Figure 4. These three volumes play a crucial role in the decomposition of the dynamic scene, followed by the concatenation of features
extracted from the CNNs’ feature map using the rovering technique. Finally, there are two MLPs used to decode the extracted features and render the the

color and density of the 4D point.

aims to tackle this problem by estimating the camera poses
and parameters as well as the static and dynamic radiance
fields.

In our study, we take the idea of Hexplane[l5] which
involves simultaneous incorporation of all three coordinates
along with time. We extend this approach to align with
the principles outlined in Tensor4D[10], aiming for a more
comprehensive understanding of dynamic scenes. In our ex-
ploration of image sets within sparse-view camera settings,
we identify a challenge in efficiently extracting features
from the feature map. To address this, we propose the
rovering technique, which proves effective in overcoming
this limitation. Ultimately, our experiments demonstrate that
our approach outperforms the work in Tensor4D[10], which
served as the foundation for our research, in terms of
performance, surpassing even other state-of-the-art methods.

III. METHOD

We now introduce Trini, a new architecture which renders
images from novel poses and times. Figure 3 provides an
overview of the model. In Section III-A, we elucidate the
core concept of this paper, which enables the representa-
tion of the dynamic scene through 12 rationalized planes,
organized into three volumes. Section III-B introduces the
proposed rovering technique. Here, a compact MLP that
facilitates the extraction of features from the feature map
after passing the image set through the CNNs. Just like
NeRF [!], the proposed model outputs color and opacity
of the points that are subject to change over time.

A. Decomposition of Dynamic Scene

Instead of representing the dynamic scene in a brute force
way of 4D data, which is not only memory-intensive but

also time-consuming, we decompose this scene using the tri-
projection decomposition technique. This technique lever-
ages factorization [9] which is applied to the 3D volumes.
The proposed method is an extension of the work of [10]. We
represent the dynamic scene in three time-specific volumes
where each volume can be expressed in the generic form as:

\I/i(a’ b,c, t) = {f(a" b)vg(a7 t)’ g(b7 t)v g(c, t)} (1)
q = 07 (f(a,b),9(a,t),g(b,t)) )
ki = 07 (4, 9(c, 1)) 3)

where ¢ = {0, 1,2} denoting the volume number, a,b, ¢
are the coordinates of the three dimensions without any
specific ordering, while ¢ denotes time. f(-,-) € R is
defined as the combination of two of the coordinates from
the three dimensions whose features are extracted from a
learnable parameter M € RP*@*C Similarly, g(-,-) € R®
is defined as the combination of one of the coordinates
with time and the features are extracted from the learnable
parameter N € RG*H*C  p Q, G, H and C are the
dimensions of the learnable parameter M and N respectively
with C being the same depth across both the parameters. o
is a compact volume specific MLP of two layers with the
layer number mentioned in the superscript. « is the output
of each volume denoted in the subscript.

Each time specific volume can be represented pictori-
ally in Figure 4. Thus for z,y, z coordinates across three
dimensions and time denoted as f, we can represent it
mathematically in three time specific volumes as:

\Ij0<xayazvt) = {f(x,y)7g(x,t),g(y,t),g(z,t)} (4)
\Ill(waaI?t) = {f(y,z),g(y,t),g(z,t),g(x,t)} (5)
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Figure 4. Generic representation of each time-dependent volumes where

it consists of four planes. a, b and ¢ are nothing but 3D coordinates that
are fed as input and ¢ is time. Mathematically this figure is represented in
Eql, Eq2 and Eq3. g(c, t) is fed into the second layer of MLP, also shown
in Eq3.

\IJg(Z,Z‘,y,t) = {f(z,x),g(z,t),g(x,tLg(y,t)} (6)

we finally obtain the x from these three volumes and
concatenate them which can be represented as:

T = [Ko, K1, k2] @)

where 7 holds the efficient decomposed result of the three
time specific volumes and || represents the concatenate
operation.

B. Rovering Technique

In contrast to [10], which employs same set of coordinates
for the extraction of features from the feature map, our pro-
posed approach incorporates the use of different coordinates
for every image in the set. This choice enables to offer more
detailed information about the points in space that undergo
changes over time. Furthermore, to enhance flexibility in
feature selection, we implement a small MLP p exclusively
for the other images within the set. This MLP is tasked
with retrieving the most pertinent details, as opposed to
simply fetching features based on the coordinates of the first
image. Please refer to Figure | for a visual representation.
Due to the inflexibility of feature extraction in [10], the
network is unable to learn the fine details which are essential
for rendering sharper images. With the rovering technique,
the model is pliable to choose features with ease in order

to render sharper images. Given a 3D point in space P,
the other point () for the second image in the set can be
mathematically shown as:

p=pu(P A) ®)
Q=P-(pOK) €))

where A € RE whose features are fetched from a learnable
parameter U € RFXE and F is the number of images in
the dataset. Similarly, K € R3 is extracted from a learnable
parameter V' € RF*3 and © is element-wise product.

Employing this rovering technique effectively increases
the quality of the rendered images from novel viewpoints,
as illustrated in Figure 2.

IV. TRINI FOR SPARSE-VIEW CAMERA SETTINGS

In this section, we demonstrate the working of Trini for
spare-view camera settings. In Section IV-A, we integrate the
dynamic scene decomposition outlined in Section III-A with
the rovering process over image pairs described in Section
III-B. In Section IV-B, we show the loss functions used in
order to reconsturct the scene in an effective way.

A. Sparse-View Camera Dataset

In sparse-view camera settings, we initially break down
the scene using the tri-projection decomposition technique,
yielding 7 as shown in Equation 7. Subsequently, the image
set undergoes processing through the CNNs, and features
are extracted from the resultant feature map. This is done
after obtaining the 3D points of the image pairs using the
rovering technique as described in Section III-B.

We combine the features derived from the tri-projection
decomposition technique with the feature map from the
CNNs. Additionally, we include the time frame of the image,
as well as the mean and cone embeddings obtained after
processing the 3D point through Mip-NeRF’s [16] positional
encoding. This can be expressed mathematically as:

v, 0 =Trep(T,6,m,t, cc) (10)

where I';..r is the MLP, § denotes the features extracted
from the CNNs after employing the rovering technique, m
and c, are the mean and cone embeddings from [16] and ¢
is the time. v and o correspond to the resulting features and
density.

Drawing inspiration from FreeNeRF [14], we regulate the
frequency of concatenation between mean during the initial
epochs, and increasing it later on. Finally we pass the high
dimensional v, m and viewing direction (6) to color MLP
(T co1or) Which can be expressed as:

Cc = I_‘color (U7 m, 9) (11)
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Figure 5. We show how our proposed method outperforms other state-of-the-art methods across the three different datasets. All the significant differences
in images shown in this figure are obtained by rendering images from novel poses. The other methods used are D-NeRF[0] and Tensor4D[10].

B. Loss Function

We employ the same loss function for all the dataset.
Firstly we use the color loss which is represented mathe-
matically as:

Lcolor = ||Cpred - C’GTH (12)

where C),.q and Cgr are the predicted and ground truth
value of the 3D point.

Subsequently, we apply the surface constraint loss on the
planes to get smoother surfaces.

Lgraa = |lllgll2 = 1[|2 (13)
where g are the gradients from the I';..f.

V. EXPERIMENTS

We assess the performance of our proposed method,
Trini, on Tensor4D [10] dataset. The Tensor4D dataset
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Figure 6. The leftmost columns show the set of the images that are given as input. Also, we show the camera poses that are taken into consideration to
reconstruct the dynamic scene. The other columns are the high quality images rendered from the proposed method from the novel poses and times of the

dynamic scenes.

Table T
QUANTITATIVE COMPARISON ON THUMBSUP_V4 AND BOXING_V 12 DATASET (SPARSE-CAMERA VIEW SETTINGS). BEST AND SECOND RESULTS
ARE IN THE HIGHLIGHTS.

Dance Boxing
Model PSNR?T SSIM?T MSE|] LPIPS| PSNR?T SSIMT MSE| LPIPS|
D-NeRF[0] 24.47 0.846 0.0058 0.092 22.96 0.765 0.0068 0.127
TiNeuVox[17] 22.33 0.780 0.0087 0.136 21.29 0.744 0.0083 0.145
NeuS-T[ 18] 23.54 0.816 0.0083 0.132 21.11 0.738 0.0055 0.169
Tensor4D[10] 28.12 0.922 0.0026 0.049 26.28 0.937 0.0027 0.033
Ours 31.53 0.969 0.0011 0.031 28.86 0.951 0.0008 0.019

[10] comprises data captured from a sparse-view imaging
system. In our study, we specifically utilize a subset of
this dataset which includes four views, providing both a
front-facing perspective and a comprehensive 360° view
from 12 evenly spaced cameras and all cameras in the
dataset are synchronized and calibrated. The ”thumbsup_v4”
and “dance_v4” datasets consists of 120 and 400 images
respectively with front view facing from four cameras. While
”boxing_v12” has 360 images from 12 cameras providing a
360 ° view.

For a fair comparison between our proposed method and
other state-of-the-art approaches, all training and novel view

rendering were conducted on a single Nvidia Titan V GPU
with 12 gigabytes of memory. All reported results and
training times are specific to this GPU configuration. We
utilized the PyTorch library [19] for the implementation.

A. Dynamic Novel View Synthesis Results

We present a comparative analysis of our work with
existing state-of-the-art methods, including D-NeRF [0],
TiNeuVox [17], TensordD [10], and NeuS-T, an extension
of NeuS [18] that incorporates an additional time variable.

In Figure 6, we demonstrate Trini’s performance in sparse-
view camera settings. It excels in reconstructing dynamic



QUANTITATIVE COMPARISON ON THUMBSUP_V4 DATASET. THE SYNTHESIS QUALITY ACROSS DIFFERENT METRICS, TRAINING TIME, NUMBER OF

Table II

ITERATIONS AND NUMBER OF PARAMETERS USED ARE REPORTED.  BEST AND SECOND RESULTS ARE IN THE HIGHLIGHTS.

Model PSNR? SSIMT MSE] LPIPS| Training Time #iterations #parameters
D-NeRF[0] 25.11 0.878 0.0034 0.174 28h 500K 4.8M
TiNeuVox[17] 22.64 0.832 0.0054 0.195 27mins 10K 102M
NeuS-T[ 18] 24.71 0.859 0.0045 0.172 31h 500K M
TensordD[10] 27.94 0.897 0.0019 0.038 34mins 10K 43M
Ours 29.72 0.927 0.0021 0.029 73mins 24K 23M
Table III
QUANTITATIVE COMPARISON ON THUMBSUP_V4 DATASET ONLY ON ground.

THE BORDERS OF THE MASKED PART OF THE IMAGE. THE SYNTHESIS
QUALITY PSNR, TRAINING TIME, NUMBER OF ITERATIONS AND
NUMBER OF PARAMETERS USED ARE REPORTED.

Model PSNR Time #lter #Params
D-NeRF[6] 23.89 111h 3000K 4.8M
TiNeuVox[17] 21.66 10h 200K 102M
NeuS-T[18] 22.93 122h 3000K M
Tensor4D[10] 26.75 11h 200K 43M
Ours 28.19 12h 240K 23M

scenes from novel viewpoints and times, even in complex
scenarios, while maintaining the desired high quality.

In Table I, we present a quantitative comparison for
“dance_v4” and “boxing_v12” dataset. The tables high-
light the best and second-best results. We have employed
evaluation metrics including Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM), Mean-Square
Error (MSE), and the perceptual quality measure (LPIPS)
[20]. The results unequivocally demonstrate Trini’s superi-
ority over other state-of-the-art methods.

In Table II, we provide a comprehensive quantitative
comparison, considering various metrics alongside train-
ing time, number of iterations, and method size for the
“thumbsup_v4” dataset. The best and second-best results
have been highlighted and Trini outperforms other state-of-
the-art methods across most of the evaluation metrics.

In Table III, we extend this comparison to the “dance_v4”
dataset, focusing specifically on the borders of the masked
image section. It is evidently clear that Trini consistently
achieves sharper border details compared to other methods,
all while maintaining superior image quality.

In Figure 5, we pictorially differentiate how Trini ren-
ders high quality images from novel viewpoints and time,
compared to the other state-of-art methods.

In Figure 2, we demonstrate how the implementation
of a straightforward rovering technique, which involves a
compact MLP and a few parameters tailored to the specific
images in the dataset, effectively leads to a noticeable
improvement in the quality of rendered novel images. This
experiment was conducted on other scenes in the dataset,
and consistent results were achieved each time.

Limitations. This work is dependent on bounding boxes
in order to differentiate between the background and fore-

VI. CONCLUSION

We have presented Trini, a novel approach for represent-
ing a dynamic 3D scene in a total of 12 streamlined planes
bifurcated using three volumes. Additionally, we propose
an innovative rovering technique that efficiently extracts
features from the image set in a sparse-view camera set-
ting, resulting in sharper images with significantly reduced
artifacts in rendered images from novel views. Our method
demonstrates comparable or superior results across different
evaluation metrics, with a substantial to on par reduction
in training time compared to other state-of-the-art methods.
We anticipate that Trini will make a significant contribution
towards expediting and improving the quality of rendering
in the field of 3D research.
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