SealD-NeRF: Interactive Pixel-Level Editing for Dynamic Scenes by Neural
Radiance Fields

Zhentao Huang, Yukun Shi, Neil Bruce, Minglun Gong
School of Computer Science
University of Guelph
Guelph, Canada
(zhentao, yshi2l, brucen, minglun)@uoguelph.ca

Abstract—The widespread adoption of implicit neural rep-
resentations, especially Neural Radiance Fields (NeRF) as de-
tailed by [1], highlights a growing need for editing capabilities
in implicit 3D models, essential for tasks like scene post-
processing and 3D content creation. Despite previous efforts
in NeRF editing, challenges remain due to limitations in
editing flexibility and quality. The key issue is developing a
neural representation that supports local edits for real-time
updates. Current NeRF editing methods, offering pixel-level
adjustments or detailed geometry and color modifications,
are mostly limited to static scenes. This paper introduces
SealD-NeRF, an extension of Seal-3D for pixel-level editing in
dynamic settings, specifically targeting the D-NeRF network
[2]. It allows for consistent edits across sequences by mapping
editing actions to a specific time frame, freezing the defor-
mation network responsible for dynamic scene representation,
and using a teacher-student approach to integrate changes.
The code and the supplementary video link are available at
https://github.com/ZhentaoHuang/SealD-NeRF.

Keywords-neural radiance fields; interactive editing; dynamic
scenes;

I. INTRODUCTION

Combining machine learning and geometric insights, neu-
ral rendering techniques have emerged as a highly promising
approach for generating fresh perspectives of a scene from
a limited set of images. Within this group of techniques,
one particular standout is Neural Radiance Fields (NeRF)
[1], a method that employs a deep neural network to
transform 5D input coordinates, representing spatial location
and viewing direction, into both volume density and view-
dependent emitted radiance. NeRF and its related methods,
such as those documented by [3]-[6], have demonstrated
considerable potential across a range of 3D applications
due to their remarkable reconstruction accuracy, high-quality
rendering, and efficient memory usage. These technologies
are increasingly valuable in fields like 3D reconstruction,
generating new viewpoints, and enhancing Virtual and Aug-
mented Reality experiences.

Originally tailored for static settings, NeRF has been
extended by D-NeRF [2] to adeptly handle dynamic scenes.
This is achieved by integrating a deformation network mod-
ule with the original neural radiance field framework. To
be precise, it can be effectively applied to dynamic scenes

that consist of both stationary and moving or deforming
objects. It is the first to generate a neural implicit represen-
tation for non-rigid and time-varying scenes, trained solely
on monocular data without the need for 3D ground-truth
supervision or a multi-view camera setting. Other research
has also introduced dynamic generalization of NeRF [7]-
[10].

As implicit representations and the adoption of implicit
3D models gain popularity, there is a growing need for
user-friendly editing tools that allow people to interact with
these 3D models. Existing research has explored various
perspectives including object segmentation [1 1], [12], color
editing [13], object removal [14], etc. These approaches
are all focused on object-level editing of NeRF and cannot
achieve pixel-level editing. Recently, Seal-3D [15] filled
this gap by providing an interactive framework for pixel-
level editing for NeRF supporting instant preview. It first
generates the editing guidance as the teacher model via pre-
defined proxy functions. Then, a two-stage student training
process including local pretraining and global fine-tuning
is adopted to generate the result. However, all the above-
mentioned methods only tackle the problems in static scenes.
There is no such application on NeRF for dynamic scenes
such as D-NeRF [2]. The main challenge is to keep the
modification consistent throughout the whole time stream.
Manually editing at pixel level from frame to frame is
impractical.

This paper introduces a method that enables users to edit
an arbitrary frame, with the changes automatically applied to
all other frames. The primary goal of this work is to develop
an interactive framework for pixel-level editing within the
D-NeRF context. This is accomplished by first transferring
the user input for editing into the original NeRF space via a
predefined proxy function and setting it as the teacher model.
Note that only one time frame is required for this step. There
are two sub-networks in the standard D-NeRF framework:
a deformation network mapping all scene deformations to a
common canonical configuration; and a canonical network
regressing volume density and view-dependent RGB color
from every camera ray which is identical to a standard NeRF
network for static scenes. The key idea of the proposed
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SealD-NeRF contains two main stages: editing guidance generation and time frame propagation. Firstly, the mapping function F, is generated

based on input from the user interface. It is used for mapping the original source space S to the target space T. The target space is further used for student
model training supervision by rendering multiple views. During the student training process, the deformation network W, is frozen to maintain the object
movement. Only the canonical network W, is optimized to propagate the edit to all the time frames.

approach is to keep the original object’s movement of the
scene by freezing the weights in the deformation network
while learning from the teacher model. At the same time,
the modification of the scene is adopted purely based on the
learning of the canonical network. At present, users have
the capability to perform brush edits or seal images onto
the surface of objects. Exploring whether this approach can
be expanded to include additional actions, such as moving
or adding objects, remains an area for future investigation.
The key contributions of this work are outlined below:

o Implementation of the D-NeRF network utilizing the
Torch-NGP framework.

o Development of brush and sealing editing tools for a
singular time frame within the D-NeRF model.

« Introduction of a technique that permits users to edit
a single time frame, ensuring consistency across the
entire timeline.

II. BACKGROUND
A. Neural Radiance Fields for Dynamic Scenes

With the popularity of Neural Radiance Fields and the
great performance on static scenes, more research has fo-
cused on the dynamic scenes in recent years. Weng et
al. [16] proposed a method that transforms a monocular
dance video into a free-viewpoint rendering by creating a
canonical subject appearance volume and a motion field,
allowing synthesis of output views based on the source
frame’s pose during testing. TiNeuVox [!7] introduces a
radiance field framework with time-aware voxel features, a
small deformation network for motion, and a multi-distance
interpolation method, demonstrating accelerated dynamic
radiance field optimization and high rendering quality in
empirical evaluations. Gao et al. [18] employs scene flow-
based regularization, emphasizing its core contribution of
enforcing temporal consistency and addressing ambiguity in
modeling dynamic scenes with a single observation. Li et

al. [19] introduces Neural Scene Flow Fields, a representa-
tion optimized through neural networks to model dynamic
scenes. Nerfies [10] and D-NeRF have a comparable archi-
tectural framework. However, Nerfies reported better results
on real-world scenes. Future work might involve discovering
a new network backbone for the proposed method.

B. Neural Radiance Fields Editing

The task of scene editing has been extensively explored in
both computer vision and graphics research. Early methods
primarily concentrated on editing a single static view, involv-
ing operations such as insertion [13], [20], relighting [21],
and composition [22]. With the growing demands of scene
editing and popularity of neural rendering, recent works
attempt to perform editing at various levels: scene-level,
object-level, and pixel-level editing.

Scene-level editing methods aim to modify the overall
appearance of a scene, addressing factors such as lighting
[23] and the global color palette [13]. Intrinsic decom-
position techniques, exemplified by other studies such as
[24], [25], seek to disentangle material and lighting fields,
enabling the editing of texture or lighting. However, these
methods are constrained to modifying global attributes and
do not extend to specific objects within the scene. Object-
level editing methods employ various strategies to manip-
ulate implicitly represented objects. For example, Object-
NeRF [26] utilizes per-object latent codes to decompose the
neural radiance field, enabling object-level operations like
movement, removal, or duplication. Other methods, such as
Liu et al.’s conditional radiance field model [14], optimize
partially based on editing instructions, allowing semantic-
level modifications in color or geometry. While some meth-
ods use a deformable mesh as an editing proxy, they are
constrained to object-level rigid transformations and may not
generalize well to arbitrary editing categories. In contrast,
pixel-level editing aims to provide precise guidance at the
pixel level, without being restricted by predefined objects.



NeuMesh [27] is based on a mesh scaffold, limiting the
editing categories and preventing the creation of out-of-mesh
geometry structures. Seal-3D [15] does not require proxy
geometry structures, offering a more direct and extensive
approach.

I[II. METHODOLOGY

In this section, the methodology of the whole pipeline is
presented. Figure 1 illustrates an overview of our method.
The objective is taking a trained D-NeRF model as input
and allows the user to perform editing on the scene via the
user interface. The teacher model is generated by duplicating
the original scene and applying the edits through mapping
function. It is further used to supervise the student model
training phase. Once the training of the student model is
completed, the edit will propagate to all time frames with
consistency.

A. D-NeRF Implementation

The standard D-NeRF contains two primary components:
a deformation network, which maps all scene deformations
to a shared canonical configuration, and a canonical network,
which performs regression tasks for volume density and
view-dependent RGB color for each camera ray. More
specifically, the deformation network is optimized to esti-
mate the deformation field between the scene at a specific
time frame and the scene in its canonical configuration.
Given a 3D point z at time ¢, the deformation network
will estimate the displacement Ax. The given point will be
transformed to the canonical space as x + Ax and input to
the canonical network. The canonical network performs the
same as a standard NeRF model capturing the information of
all corresponding points in all images. Through this process,
it becomes possible to recover the absent information from
a particular viewpoint by referencing the canonical config-
uration, which serves as an anchor interconnecting all the
images together. The canonical network is optimized to take
the deformed 3D coordinates and viewing direction as input,
and output the emitted color and volume density.

The implementation was developed based on Torch-NGP
[28], which is the same framework as for Seal-3D [15].
Although the author of Torch-NGP claimed that D-NeRF
[2] is already implemented in the newest release, Torch-
NGP’s implementation deviated from the original D-NeRF
paper. The standard D-NeRF consists of two sub-networks:
one deformation network W, taking 3D coordinates and
time frame as input then outputs the deformations; one
canonical network W, regressing volume density and view-
dependent RGB color from every camera ray perform
similar to a standard NeRF. However, while Torch-NGP’s
implementation has an identical deformation network, it
also inputs the 3D coordinates and time frame into the
canonical network. Despite the performance of the modi-
fied network, inputting the time frame into the canonical

network completely negates the initial design motivation
of the proposed SealD-NeRF which needs the time frame
and canonical network to be separated. The D-NeRF has
made the implementation available in PyTorch. However, it
exhibits significantly slower performance when compared to
Torch-NGP, a PyTorch implementation that utilizes CUDA-
based Instant-NGP [6]. Therefore, a Torch-NGP-based D-
NeRF is implemented for this paper.

There are several key points/alternations that need atten-
tion: 1) Torch-NGP introduces a deformation loss to the
original loss function, corresponding to the magnitude of 3D
deformation. This serves as a form of regularization, initially
accelerating the search process but potentially hindering
convergence in later stages. The assumption behind this is
that the object does not have large movement during the
whole time stream. This is removed in the implementation
presented in this paper. 2) According to the D-NeRF paper,
for all experiments, the canonical scene is set to be the
scene at time ¢ = 0. This is not the case in the Torch-
NGP implementation which leads to non-convergence when
deformation loss is also removed. By setting the canonical
scene manually, it gives an initial state for the network to
converge and all the time frames become interconnected.

The results section details the assessment of our newly
implemented D-NeRF. The evidence strongly supports the
accuracy of our implementation, affirming that it does not
detract from the quality of scene editing outcomes.

B. Teacher Model Generation and Time Frame Propagation

The design of the proposed method is inspired by the pro-
cess of Seal-3D [I15]. Given a pretrained D-NeRF network
fitting a dynamic scene that serves as a teacher network, an
extra NeRF network is initialized with the pretrained weights
as a student network. The editing guidance is generated by
the teacher network based on the user input instruction in
one particular time frame 7. The student network is optimized
by distilling editing knowledge from the editing guidance in
that particular time frame.

Firstly, pixel-level information is extracted from the in-
teractive editor. The source space S is the 3D space for
the original NeRF model and the target space T is the 3D
space for the NeRF model after editing. The target space is
warped to the original space by the mapping function F,,.
The mapping function is used for transforming the target
space and its associated directions according to the rules
defined by each tool. The desired edited effects c’, o7 for
each 3D point and view direction at the particular time frame
¢ can be acquired by querying the teacher model fJ. It’s
important to emphasize that only the time frame ¢ should
be employed for the teacher model, as it is the sole frame
that incorporates user input instructions. The process can be
expressed as:

2, d = F™(2,d"),2* € S,a' €T (1)



Figure 2. The user interface of the SealD-NeRF, based on Seal-3D [15] and Torch-NGP [28]. The user can view the training procedure directly. It allows
the user to view any time frame through a control bar. Except for the control parameters of the toolkit, it also allows the user to switch between the student

and teacher models for referencing.

ol = ng(xs7 d’) 2)

After the teacher model has been set up, the next step is
to optimize the student model based on the particular time
frame of the teacher model. Within the Seal-3D framework,
a local pretraining step is designed for instant preview
purposes. However, extending this step to each frame in D-
NeRF training is impractical due to the significant compu-
tational time it would require. Therefore, only one global
training is applied in our approach. This stage is similar
to the standard D-NeRF training, the difference is that the
labels are generated by querying the teacher model instead
of ground truth image pixels. We use the mean squared error
between the pixels rendered by the student model and the
teacher model:

1 & 2
— T N
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In this equation, C7, C*S represents the accumulated pixels
from the sampled rays in the teacher and student model,
and N is the batch size for each training step. In Seal-3D

[15], the local pretraining is conducted in 3D space, and
the global training is conducted in pixel space. Since only
global training is used in our framework, the supervision is
based on the pixel space. One key point is that this method
could propagate errors in the original model (e.g. floating
artifacts).

To achieve the time frame propagation, the key idea is to
keep the current deformations for all the time frames and
transform the editing into the canonical space. In this way,
the editing will be propagated to the whole time stream since
the original D-NeRF already has a converged deformation
sub-network W;. In all the experiments, the deformation sub-
network is frozen and the canonical network is optimized
by inputting rendering output from all angles by the teacher
model. In theory, this method is not suited for edits that
significantly modify the object’s movements. Specifically,
any edits necessitating alterations to the existing deformation
pattern will likely to be ineffective. This is the main reason
why the brush tool and the sealing tool are implemented for
now.



Figure 3.
PyTorch. Bottom row: our implementation based on Torch-NGP [28].

C. Brush and Sealing Tools

The brush and sealing tools mirror those in Seal-3D.
The brush tool functions similarly to a sculpting brush in
conventional 3D editing, raising or lowering the surface upon
which it is used. Users employ the brush to create marks, and
the source space S is generated through ray casting on the
brushed pixels. The brush parameters, including the brush
normal n and pressure value p within the range [0, 1], are
defined by the user, influencing the resulting mapping:

' =z' —p(z')n 4
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where z stands for the 3D coordinates.

The sealing tool directly edits color via color space
mapping. The spatial mapping is identical and the colors
are mapped by the network in HSL space, which helps for
preserving shading [15]. The user will need to select an area
in the space and a 2D image. Then the image will be sealed
to the surface of the object and kept consistent throughout
the whole time stream.

IV. EXPERIMENTS
In this section, the implementation details, evaluation of

the implemented D-NeRF, and visualization result of the
SealD-NeRF are presented.

A. Implementation Details

Instant-NGP [6] has been selected as the backbone of the
framework. The implementation is based on the open-source
PyTorch implementation Torch-NGP [28] and Seal-3D [15].
All experiments are run on a single Nvidia RTX 4090 GPU.
For the D-NeRF training process, the initial learning rate is

Examples of the canonical spaces of the scenes: “Lego”, “Hook”, and “Jumping Jacks”. Top row: D-NeRF [2] implementation based on

set to 5e~* and exponential decay to 5e~® as the same as D-
NeRF [2]. Both the canonical network and the deformation
network are 8-layers MLPs with ReLU activations. For all
the experiments the canonical space is set at ¢ = 0 by
enforcing the deformation to be zero. The training/validation
split is the same as the D-NeRF paper. The model is trained
with 400 x 400 images during 300k iterations with a batch
size of 4,096 rays. Each ray is sampled 64 times. For the
student training process, A\; = Ao = 1, the same as Seal-3D.
The learning rate is set to 5e —4. Figure 2 shows an example
D-NeRF model and the user interface on the left.

B. D-NeRF

Table I summarizes the quantitative results on the 8
dynamic scenes of the dataset released by D-NeRF [2].
The evaluation employs the Peak Signal-to-Noise Ratio
(PSNR), where higher values indicate better performance.
Comparison between the implemented D-NeRF based on
the Torch-NGP framework and the original results reported
by the D-NeRF paper are presented. The key distinction
between the two implementations is that the original utilizes
CUDA’s advanced rendering functions, in contrast to our use
of PyTorch’s capabilities.

Our D-NeRF implementation outperforms the original
paper’s reported results in all scenes except for the “T-Rex”
one. This provides strong evidence of the correctness of our
implementation. Nonetheless, there are notable differences
between the canonical spaces produced by our implementa-
tion and those reported in the original paper (shown in Figure
3). This discrepancy does not affect the final outcomes,
as editing is not conducted in the canonical space, and
the combined operation of the canonical and deformation
networks yields accurate results.



.

{1

time =0 G i = |

Figure 4. Examples of the brush/sealing tool editing on the scenes: “Jumping Jacks”, “Stand Up”, and “Bouncing Balls”.

Table I
THE QUANTITATIVE COMPARISON ON THE DATASET RELEASED BY
D-NERF.

Scenes D-NeRF (Ours) - PSNR | D-NeRF - PSNR
Hell Warrior 27.35 25.02
Mutant 36.77 31.29
Hook 32.26 29.25
Bouncing Balls 40.12 38.93
Lego 24.81 23.82
T-Rex 31.59 31.82
Stand Up 37.93 32.79
Jumping Jacks 33.47 32.80

C. SealD-NeRF

Figure 4 illustrates three edits in dynamic scenes. The
first involves adding a red brush strip to a leg of a jumping
person, which remains attached to the leg throughout the
jump. The second edit entails placing a logo image on the

chest of a person, which stays fixed to the chest as the
person stands up. The third edit involves affixing the logo
to a static plate, where the logo remains constant on the
plate over time. The first two examples have demonstrated
that the proposed method performs well when editing on
moving surfaces, while the third example shows that the edit
on the static surface acts similarly to Seal-3D which only
focuses on static NeRF scenes. Figure 5 further displays two
dynamic scenes edited with images that have transparent
backgrounds, demonstrating the capability of our sealing
tool to accommodate patterns of any shape. In both exam-
ples, the images consistently adhere to the object’s surface
throughout the entire sequence.

D. Limitations

The proposed method has a few notable limitations: 1)
The student model’s learning is based on the teacher model
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Figure 6. The early stage training result of the student model (left) learning
from the teacher model (right).

rather than the ground truth, which means any inaccuracies
in the teacher model could be transferred. 2) During the
initial phase of training, there is a tendency to disrupt
the entire scene space, not just the targeted editing area,
unlike what is observed with Seal-3D. This suggests that
introducing new elements into the canonical space might
necessitate relearning, even when the deformation network
remains unchanged across all tests. An example of these

Examples of the sealing tool editing on the scenes: “Hell Warrior” and “Mutant”.

early-stage training outcomes is illustrated in Figure 6.

V. CONCLUSION AND FUTURE WORK

This paper introduces a technique for pixel-level editing
in dynamic scenes, building upon the Seal-3D framework
within the context of D-NeRF. Currently, two tools are
provided: a brush tool and a seal tool, along with a user-
friendly interface for editing purposes. Additionally, D-
NeRF has been reimplemented to facilitate the proposed
method, with both the evaluation of this implementation and
the visual outcomes of scene edits being discussed.

Future work could take two primary directions. The first
involves expanding the editing toolkit and examining ways
to alter the deformation module. A-NeRF [29] introduces a
technique for pose transfer by estimating the scene’s human
skeleton, with the main challenge lying in skeletonizing
scene objects and linking each volume element to the
skeleton. The second direction considers adopting a new
foundational model beyond D-NeRF. 3D Gaussian Splatting
[30] has recently emerged as a notable advancement in radi-
ance field rendering, offering improvements in render quality
and computational efficiency. Its representation of scenes



through discrete Gaussians simplifies editing processes, as

demonstrated by Gaussianeditor [

] in static scene editing,

making it a promising avenue for future exploration.
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