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(a) Reconstructed Radiance Fields

(b) w/o Appearance Blending

(c) Our Appearance Blending

Figure 1: We demonstrate the appearance blending results of our proposed approach. In the exhibited case (a), we represent the
sculptures in radiance fields and aim to repair the “Venus de Milo” sculpture with the arms of another marble statue. In (b), we
display the results obtained by a direct concatenation of the target arms and the source sculpture, which incurs incoherence
between the new arms and the original one. In (c), our proposed approach can overcome this problem by fusing the source

appearance into the target parts.

ABSTRACT

Neural Radiance Fields (NeRFs) have emerged as promising digital
mediums of 3D objects and scenes, sparking a surge in research to
extend the editing capabilities in this domain. The task of seamless
editing and merging of multiple NeRFs, resembling the “Poisson
blending” in 2D image editing, remains a critical operation that
is under-explored by existing work. To fill this gap, we propose
SeamlessNeRF, a novel approach for seamless appearance blending
of multiple NeRFs. In specific, we aim to optimize the appearance
of a target radiance field in order to harmonize its merge with a
source field. We propose a well-tailored optimization procedure for
blending, which is constrained by 1) pinning the radiance color in
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the intersecting boundary area between the source and target fields
and 2) maintaining the original gradient of the target. Extensive
experiments validate that our approach can effectively propagate
the source appearance from the boundary area to the entire target
field through the gradients. To the best of our knowledge, Seamless-
NeRF is the first work that introduces gradient-guided appearance
editing to radiance fields, offering solutions for seamless stitching
of 3D objects represented in NeRFs. Our code and more results are
available at https://sites.google.com/view/seamlessnerf.
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1 INTRODUCTION

Neural Radiance Fields (NeRFs) [Mildenhall et al. 2021] have been
established as a potent representation of 3D scenes and are widely
considered to be the top contender for future media forms, alongside
images and videos. Therefore, incorporating basic editing function-
alities into this novel representation is of substantial importance.

Seamless stitching and transplantation of a 3D object to another
is a fundamental editing operation, akin to the common seamless
blending functionality on 2D images. This is a long-standing prob-
lem [Rocchini et al. 1999; Yu et al. 2004] as mixing and re-creating
3D models are important steps in gaming, filming, and artistic cre-
ation. For instance, as illustrated in Fig. 1, the arms of a ceramic
dancing woman can be precisely extracted and seamlessly inte-
grated into the renowned “Venus de Milo” sculpture for building
artistic derivative. By this merging process, the texture attributes
from the source (the “Venus de Milo”) are propagated into the newly
stitched arms, producing a natural and cohesive appearance. Never-
theless, the seamless editing technique is still missing for 3D objects
represented in NeRFs. Since appearance information in radiance
fields is encoded in black-box network parameters, propagating
texture information between source and target implicit fields poses
a particular challenge.

Among the various approaches developed to seamlessly merge
two images, gradient-based melding techniques stand out due to
their robustness to diverse scenarios and user-friendly interactions
[Bhat et al. 2010; Darabi et al. 2012; Pérez et al. 2003]. These meth-
ods, anchored on the Poisson equation, basically resolve a system of
equations to uphold gradient consistency on the intersecting bound-
ary of images and preserve the original image gradients within the
boundary. In this way, a smooth transition is imposed between the
merged images. In the domain of implicit fields, the manipulation
of objectives involving gradients has been established as a viable
pursuit, as affirmed by previous work [Li et al. 2023; Xu et al. 2022].
Consequently, gradient-based melding emerges as an attractive
option for facilitating the seamless merging of NeRFs.

In this paper, we present SeamlessNeRF, a novel framework de-
signed to facilitate gradient-based appearance blending of NeRFs.
Given source and target objects represented in NeRFs, our key idea
is to optimize the appearance of the target field to harmonize its
texture style with the source field, thereby achieving a smooth tran-
sition between the source and target fields. To do this, we begin
with transforming the source and target NeRFs into a unified ho-
mogeneous coordinate space, followed by constructing a piecewise
radiance field based on their density values. During the optimiza-
tion for appearance blending, the radiance of the source and target
are reconciled in their intersecting boundary area. Concurrently,
we impose regularization on the gradient field of the target to pre-
serve its original appearance change. This enables the propagation
of radiance color from the source to the target through the gradient
field. In order to efficiently compute the radiance gradients in the
unified 3D space, we resort to finite difference in implicit fields.
Since radiance fields are view-dependent, we propose a sampling
strategy to identify each point’s view direction. Furthermore, a
side-branch fine-tuning scheme is incorporated into the appear-
ance optimization procedure for faster convergence and preserving
texture details. In summary, our main contributions include:
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e We propose a novel framework for seamlessly stitching part
NeRFs into a unified and harmonized 3D representation, which,
to our knowledge, is the first of its kind.

e We introduce a gradient propagation method, which preserves
the texture patterns that are inherently implied in the gradi-
ent fields, and ensures a smooth radiance transition across the
boundaries.

e We conduct comprehensive experiments to validate the effec-
tiveness of our approach across a diverse range of scenarios and
different backbones.

2 RELATED WORK

2.1 NeRF Editing

Previous work [Tang et al. 2022; Zhang et al. 2021a] has explored
possible solutions to entity placement and composition of NeRF-
represented scenes. NeRFShop [Jambon et al. 2023] allows users to
interactively select and deform objects through cage-based trans-
formations, where membrane interpolation technique is proposed
to reduce potential editing artifacts. Block-NeRF [Tancik et al. 2022]
merges multiple radiance fields into one in order to achieve novel
view synthesis of large-scale scenes. To composite adjacent radi-
ance fields under different time of day, color balance, and weather,
an appearance matching scheme is proposed to align the appear-
ance of the neighboring blocks. However, Block-NeRF considers
merging two blocks of the same scene with large overlaps, which
diverges from stitching part NeRFs.

Regarding appearance editing in NeRFs, the challenge arises
from their implicit scene representations. Previous study [Liu et al.
2021; Xu et al. 2022; Yang et al. 2021; Zheng et al. 2022; Zhuang et al.
2022] focused on purely implicit editing. The approach proposed by
[Yuan et al. 2022] extracts explicit meshes as a manipulable proxy to
facilitate editing in implicit representations. NeRV [Srinivasan et al.
2021], NeRFactor [Zhang et al. 2021b], SAMURAI [Boss et al. 2022],
NVDiffRec [Munkberg et al. 2022], and Ref-NeRF [Verbin et al.
2022] support editable BRDF materials by decoupling 3D geometry
and lighting effects from multi-view captures. Other noteworthy
progresses in this area, including EditNeRF [Liu et al. 2021] and
CodeNeRF [Yang et al. 2021], encode the shape and appearance of
simple objects into an interpolative latent code. CLIP-NeRF [Wang
et al. 2022] and DFFs [Kobayashi et al. 2022] explored text-guided
scene editing utilizing the joint vision-language embedding inher-
ent in the CLIP model [Radford et al. 2021]. Instruct-NeRF2NeRF
[Haque et al. 2023] further enhances text-guided NeRF editing by
using diffusion models [Brooks et al. 2023]. PaletteNeRF [Kuang
et al. 2023] and RecolorNeRF [Gong et al. 2023] enable palette-
based color editing for NeRF-represented scenes. Style transferring
schemes proposed by UPST-NeRF [Chen et al. 2022b], INS [Fan et al.
2022], StyleRF [Liu et al. 2023], and ARF [Zhang et al. 2022] stylize
NeRF models to resemble reference images. NeRFEditor [Sun et al.
2022a] goes a step further by encoding novel-view images into the
hidden space of StyleGAN, supporting editing guided by reference
images, text prompts, and user interactions. While the majority of
the methods discussed in this section have demonstrated significant
capabilities in composition and appearance editing, they struggle
when tasked with the seamless stitching and appearance blending
of NeRF-represented assets.
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Figure 2: Pipeline of our proposed approach for seamless appearance blending. We adopt TensoRF-VM [Chen et al. 2022a] as
our radiance field backbone. The pipeline enables appearance blending by fine-tuning a trainable copy of the target radiance

field, which connects the frozen copies via zero convolutions.

2.2 Seamless Editing

Seamless editing, particularly in the domains of photo and texture
editing, has been an area of significant research focus in the field
of computer graphics and digital image processing. The aim is to
ensure that modifications or blends in the images or textures are
smooth and undetectable, thus maintaining their visual coherence.
A noteworthy work on this task is the “Poisson Image Editing” by
Pérez et al. [2003], where they showcased a gradient-domain color
adjustment technique for managing color inconsistencies in im-
age compositing, thereby ensuring seamless transitions. This work
was closely followed by Agarwala et al. [2004], which integrates
gradient-domain blending with graph cuts, enabling the seamless
combination of different sources at interactive speeds for a broad
range of compositing applications. Their framework demonstrated
success in stitching unrelated photos that possess roughly similar
overlapping regions [Kaneva et al. 2010]. Meanwhile, Kwatra et al.
[2005] introduces “Texture Optimization” that allows the seamless
transfer of photographic textures from an example to a target im-
age, effectively cloning texture patterns. Barnes et al. [2009] put
forth “PatchMatch”, an algorithm that enables seamless reshuffling
of image regions. The advent of deep learning led to methods like
“Deep Image Analogy” by [Liao et al. 2017], which uses convolu-
tional neural networks (CNNs) to find semantically meaningful
dense correspondences between two input images, providing more
advanced solutions for seamless editing. Regarding seamless edit-
ing in 3D objects, Rocchini et al. [1999] and Dessein et al. [2014]
propose methods for stitching and blending textures on 3D objects.
However, the appearance of NeRFs is encoded in neural networks
rather than textures, resulting in challenges to using texture-based
approaches. Yu et al. [2004] adopts the Poisson equation to im-
plicitly modify the original mesh geometry through gradient field

manipulation. While this work offers smooth merging in geome-
try, the appearance blending is not considered. The application of
gradient-domain methods is also extended to the spatio-temporal
domain by Wang et al. [2007], which primarily focuses on video
frames.

In essence, traditional editing techniques degenerate when ap-
plied directly to NeRFs as image melding algorithms do not account
for occlusion and view consistency in 3D space and existing 3D
melding approaches lack essential designs for neural implicit fields.

3 SEAMLESS NEURAL RADIANCE FIELDS

Our approach towards creating SeamlessNeRF begins with recon-
structing multiple NeRFs from individual sets of multi-view images.
We choose TensoRF-VM [Chen et al. 2022a] as the NeRF backbone.
After the acquisition of 3D assets represented in NeRFs, we aim to
merge them into a single harmonized one.

3.1 Transforming and Merging Radiance Fields

The first stage involves the transformation and alignment of distinct
NeRFs. This stage receives a user-input transformation which will
be applied to join the source field F; and the target fields {Fi}l{i 9
We assume the coordinate system of the merged object is unified
with the source field in a global coordinate system. We apply 3 X 4
affine transformations to align the target fields into the unified
global space. This manual alignment plays a role in maintaining
the geometric coherence of the merged object, ensuring there are
reasonable overlapping areas between the source field and target
fields for appearance blending.

Once the transformation is complete, the next stage is to render
these aligned fields as a single field Fps : (x,d) — (¢, 0). Since
each field’s coordinate-to-radiance mapping is independent of each



SA Conference Papers "23, December 12-15, 2023, Sydney, NSW, Australia

other, a unified mapping for the merged object should be estab-
lished. Thus, we define the unified field Fys as a piece-wise function
over multiple sub-fields. Intuitively, this piece-wise function should
hold the property that sparser space in the source field should be
dominated by the densest field in order to allow the target fields
to occupy the empty space in the source field. To achieve this, we
define a field selector function based on the density:

S(x) = arg max f;0;(M;x), (1)
i=1..N

where N is the number of the merging fields, M; € R3¥4 is an affine
matrix transforming the i-th field to the unified global space (note
that the transformation of the source field is an identity matrix), f; is
a tunable weight for scaling the precedence order for different fields.
Higher f; indicates higher precedence of the i-th field over others
even though its original density is lower. Given the selector S(x),

the piece-wise function of the unified field Fys : (x,d) — (cg/l , JQ/I )

can be written as:
o (%) = o5(x) (MS(x)X)s (2)
CQ/I(X, d) = Cs(x) (MS(X)X! MS(x)d) . 3)

It is noteworthy to highlight that both x and d are denoted by
homogeneous coordinates. The last element of x is 1 while the last
element of d is 0. With this formulation, the merged radiance field
Fup(x,d) can be rendered with volumetric rendering [Max 1995]:

K
Cx(1) = ) rjed (x;,d)), (4)
j=1
j-1
Tj :exp(—Zogw(xj)éi)(l—exp(—agw(xj)@-) , (5)

i=1

where the rendered color C(r(t)) estimates the image pixel corre-
sponding to the ray r(¢) = o+td, K is the number of samples along
r(t), 6; is the step length of the j-th sample, and 7; can be seen as
the probability that the ray can reach the j-th sample.

3.2 Evaluating Radiance via Closest Ray
Sampling

The direct merge of multiple NeRFs is followed by an appearance
optimization over the target radiance fields. For each coordinate x,
rendering its radiance necessitates a view direction d. If x is sampled
from a ray originating from a camera, the process of obtaining
the corresponding d is straightforward. However, if the goal is to
optimize the radiance across the entire 3D space without assuming
a specific viewing camera, the view direction d is agnostic.

In order to address this challenge, we propose a simple yet ef-
fective Closest Ray Sampling solution that hinges on sampling the
view direction d from the entire spectrum of the training dataset.
This scheme can match the distribution of view directions with the
one seen in the multi-view captures. Specifically, for each point
x, we determine its view direction as the orientation of the clos-

~\\R
est training camera ray. Suppose {r j (p j,d J)} is the set of all

camera rays in the training set. The Euclidean distance ||Dr, x|l2
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(a) Direct Merge
Reference

(b) w/ Our Closest
Ray Sampling

(c) w/ Random
Sampling

View #270

View #330

Epipolar Images

Figure 3: View-dependent effects on the blended radiance
fields via different view-direction sampling schemes.

between a ray r; (pj, H]) and a sample point x is defined as:

e _

pi=pj- [(pj—x)-aj]aj, and Dy x = pj - % (6)

where pj is the nearest point from the ray r; to the sample point
X, Drq € R3 is the offset vector from x to p¢. The designated view

direction for x is given as dj *, where j* = arg minj ||Drj,x||2-

Impacts on View-dependent Effects. View directions are adopted
to encode the view-dependent effects, e.g., specular highlights.
Therefore, a feasible scheme for sampling view directions is obli-
gated to maintain the view-dependent effects on the original object.
Fig. 3 presents a case of shiny object appearance blending. In ad-
dition to our proposed scheme, we also provide a straightforward
baseline where view directions are randomly sampled. Comparing
the reference views (a), our scheme (b) is capable of preserving the
original view-dependent specular effects while the baseline scheme
(c) smoothens the specular highlights. We also plot (pseudo) epipo-
lar images [Bemana et al. 2022; Verbin et al. 2022] of the red scanline
segment. As shown by the last row of Fig. 3, the patterns on the
epipolar images obtained through our scheme are more similar to
the reference one, in contrast to the baseline scheme.

3.3 Boundary Detection and Radiance Pinning

The key to generating seamless NeRFs iss to harmonize the color of
the target fields with the color of the source field at the boundaries.
We draw inspiration from the concept of contact areas to define the
boundary regions. Conceptually, these are areas where the density
of the radiance field is simultaneously dominated by the source
field and the target fields. Formally, we define the boundary regions
{6Bi}£ , as follows:

dB; «— {x| S(x) =1and 6;(M;x) > Ty}, 7)
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(e) Our Apperance Blending w/ A=0.01

Figure 4: Ablation study on the weights of gradient loss. The first two columns (a) and (b) display the source and target objects.
The column (c) gives a reference view of direct merge without blending. In (d), we show the blending results under A = 10. In (e),

we show the blending results when decreasing 1 to 0.01.

& & H
& 8BS

(¢c) w/o Lcoior (d) Full Model

(a) Direct Merge (b) w/o Lyra4

Figure 5: Ablation study on loss functions. The column (a)
gives two reference views of direct merge. The column (b)
shows results when disabling the gradient loss. The column
(c) shows results without optimizing the color loss. The col-
umn (d) shows results when enabling both the gradient loss
and the color loss.

where the threshold Ty, signifies the minimal density at which
a point in the field is still considered non-empty. This usage is
akin to the threshold application in the marching cubes algorithm
[Lorensen and Cline 1998], a technique employed for isosurface
extraction.

These boundaries 9B; are typically locations where the transition
between the source and target radiance fields occurs, and hence,
can be potential sites with visual inconsistency when these fields
are merged directly. To address this, we introduce a strategy termed
Boundary Radiance Pinning. The primary objective of this strategy
is to minimize the discrepancies between the source field and tar-
get fields. Boundary Radiance Pinning functions by enforcing an
agreement in radiance color among all target fields and the source
field within the boundary region. Specifically, we minimize the loss
between the target radiance color and the source radiance color
c1(x, d) within the boundary:

2
Leotor= ., M xd) - erx )] ®)

X€IB;

The view direction d is obtained by our proposed scheme described
in Sec. 3.2. By ensuring alignment in radiance color, appearance
continuity on the joined regions is maintained.

3.4 Gradient Propagation of Radiance

The boundary radiance pinning will disturb the original details
on target fields (see Fig. 5b). In order to preserve the rich textures
on the target field, we further add an optimization objective to
propagate radiance through the gradient field. The gradients can
represent the variation in radiance across different spatial locations.
This is particularly critical as many of the patterns and textures
are implied in the gradient field of the radiance, as opposed to a
single color value. To do this, we first evaluate the gradients of
the radiance field within the target regions. This is performed by
differentiating the target radiance field w.r.t. the spatial coordinates
x. After obtaining the gradients of the original target field, we use
these gradients as the optimization target for the merged field in the
unified global space. The loss function to regularize the gradients
of the merged field is formulated as:

Lyraa = Z ‘

M 2
Ve (x,d) - Vyei(Mix, Mid)||F, ©)
x, S(x)>1

where the corresponding view direction d can be obtained via the
sampling scheme described in Sec. 3.2, i = S(x) signifies the field
index at x, and ||-||  is the Frobenius norm. In practice, this involves
an iterative optimization procedure, where we aim to fine-tune the
target field such that its gradients align with the gradients of the
source field at the boundary region and simultaneously maintain
the gradient of its original appearance at other regions. However,
taking the analytic second-order derivative poses a challenge when
using gradient-based optimizers to solve objectives involving gra-
dients. Furthermore, the gradients w.r.t. spatial coordinates x are
derived from tri-linear interpolation in feature grids, which are not
spatially continuous [Li et al. 2023]. In this regard, we opt for a
discrete solution. Denote superscript k = 1, 2, 3 as the index of XYZ
dimensions. We can calculate the finite difference in radiance color
at the position x by:

YV,

X

= ci(Mix, M;d) — ¢; (M;(x + Ag), M;d) . (10)
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Figure 6: Showcase of our apperance blending results. In (a) and (b), we present reference images of source and target radiance
fields, respectively. The column (c) shows results of direct merge of the source and target. The last three columns in (d) exhibit
three views of the merged and appearance blended radiance fields.

Here, x + A is a neighborhood point of x along the k-th dimen-
sion. Then we obtain the discrete version of gradient loss:
3
2
Lyaa= O ) Hcgw(x,d) -+ A d) = Ve )
x, S(x)>1k=1

In the above equation, the difference between ch (%x,d) and cjsw (x+
Ak, d) approximates the radiance gradient of the merged field at

the position x along the k-th dimension. The sum is taken over all
sample points in the merged field and XYZ dimensions.

By minimizing this gradient loss, the textures and patterns im-
plied in the gradient field can be preserved. Meanwhile, the color
scheme from the source field can be propagated to the target fields,
resulting in a seamless transition of radiance across the boundary.



SeamlessNeRF: Stitching Part NeRFs with Gradient Propagation

e/’ Style Image

StyleRF Ours
Text Prompt:
"ironman wings,
without Eacﬁgmunr{"
SDEdit + NeRF Ours

Figure 7: Comparisons between our approach and baseline
methods. For the first case, the baseline StyleRF [Liu et al.
2023] stylizes the target radiance fields with the source one.
For the second case, we adopt SDEdit [Meng et al. 2021] to
perform text-guided image-to-image generation of target
radiance field renderings.

3.5 Optimization and Network Architecture

To establish the final objective function, we combine the gradient
loss with the color loss. The overall loss of our optimization process
is formulated as a weighted sum, defined as follows:

L= Lcolor + A-Egrad~ (12)

In this equation, the parameter A is utilized to balance the relative
contribution of color loss and gradient loss to the overall objective.
In our experiments, we set the value of A as 0.1.

To conduct the appearance optimization of the target fields, we
introduce a ControlNet-style [Zhang and Agrawala 2023] architec-
ture to facilitate the fine-tuning process. This involves adopting the
original network parameters as the initialization of a trainable copy
and appending a “zero convolution” to connect the trainable copy
to the original networks as a render branch. During the appearance
blending process, the parameters of the original networks will be
frozen, serving as an initial model and evaluator of the original
gradient field. The ControlNet-style network branch is introduced
to learn the incremental modifications, which are added to the orig-
inal appearance via the “zero convolution”. The choice of “zero
convolution” stems from its ability to retain the original output and
progressively fuse modifications to the appearance at the beginning
of fine-tuning. Fig. 2 presents the entire pipeline of our method.

4 EXPERIMENTS

To evaluate the performance of our proposed approach, our exper-
iments are conducted on multiple 3D models from the Objaverse
[Deitke et al. 2023] dataset. Our implementation is built on the
backbone of TensoRF. Nevertheless, since our approach operates
directly on the output of radiance fields, it does not depend on spe-
cific radiance field modeling. Results of our approach with Naive
NeRF [Mildenhall et al. 2021], Instant-NGP [Miiller et al. 2022], and
DirectVoxGO [Sun et al. 2022b] backbones are present in Fig. 10.

SA Conference Papers "23, December 12-15, 2023, Sydney, NSW, Australia

¥
A&

A

4

(a) Target (b) Direct Merge (c) Appearance Blending (d) Separate

Figure 8: Color scheme cloning results via our appearance
blending approach.
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Figure 9: Ablation study on different configurations of the
trainable copy.

4.1 Qualitative Comparison

Since there is no existing method of seamless appearance blending
in the context of radiance fields, we build two baselines with recent
emerging techniques to validate the effectiveness of our approach.
The first baseline attempts to perform 3D style transfer from the
source to target. We train StyleRF [Liu et al. 2023] for zero-shot
NeRF stylization. For the second baseline, we utilize the diffusion
model to conduct image-to-image generation [Meng et al. 2021]
guided by an editing text prompt and rendered images. Fig. 7 shows
two comparison cases. In the first case, StyleRF fails to seamlessly
transfer the color scheme from the “Minion” to the “rabbit ear” since
it is not capable of extracting style information from an ordinary
image. In the second case, we use a text prompt to generate a view
based on the original rendering in order to match our editing goal.
We can see the generated “wing” contains elements of “Ironman”
but still fails to yield a seamless merge.

4.2 Ablation Study

Gradient Loss for Radiance Propagation. As demonstrated in Fig.
5b, upon removing the gradient loss function, we observed a remark-
able deterioration in the quality of radiance propagation, resulting
in artifacts on the texture. After adding the gradient loss, the small
details on the texture implied in the gradient field are well pre-
served. Moreover, Fig. 4 shows the impacts of the gradient loss
weight. When imposing a strong constraint (1 = 10), the radiance
gradients are maintained while the impacts from the source object
are weakened. When decreasing the weight to 0.01, the appearance
from the source object dominates the appearance blending and
violates the original radiance gradients.
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Boundary Radiance Pinning. In this study, we opted to omit the
color loss component in our objective to analyze the impacts of
boundary radiance pinning. Fig. 5c¢ displays the result without the
color loss. Since boundary pinning is disabled, the target radiance
field will be optimized through mixed gradients from the source
field, which harms the rich lighting and textual details in the original
target field. Thus, combining color loss and gradient loss can achieve
the best blending performance.

Configurations of Trainable Copies. We also ablate different train-
able copy configurations. Our TensoRF-VM [Chen et al. 2022a]
backbone consists of VM (vector-matrices) factors and shading
MLPs, where VM factors compute the feature of each query point
and shading MLPs render the feature into RGB color. Fig. 9 shows
that the blending performance will compromise when freezing
the VM factors and only optimizing the shading module. Thus, a
trainable VM copy is essential for high-quality blending.

4.3 Visual Results and Applications

We showcase the results of our SeamlessNeRF on multiple cases, as
exhibited in Fig. 6. We can see that the our approach can generate
seamless part NeRF stitching on various challenging cases. We also
include the visualizations of the optimization process in Fig. 11.

Applications. Our proposed approach demonstrates the potential
for expansion into 3D creation and editing workflows, offering ad-
vantages in the productivity of 3D modeling. For instance, consider
the scenario where artists intend to restore the arms of the “Venus
de Milo” sculpture, as shown in Fig. 1. In such a case, our approach
enables the seamless blending of pre-existing arm assets onto the
sculpture, expediting the modeling process compared to starting
from scratch. As a more practical case, the “Toad Temple” in Fig.
5d exhibits a building model stitched from two existing 3D assets,
which can be employed as a game element. Users can also customize
cartoon characters (the first case in Fig. 6) without time-consuming
modeling and re-texturing. In addition, Fig. 8 illustrates a color
scheme transferring application of our approach, where the target
objects clone the appearance of the source objects.

5 CONCLUSION

This paper presents SeamlessNeRF, a novel approach to seamless
stitching of multiple NeRFs into a unified 3D scene. By extending the
principles of gradient-domain blending to NeRFs, our method can
propagate appearance from the source field to the target field. Our
experiments validate the effectiveness of our approach in achieving
seamless merges across diverse objects. The successful application
of Poisson Editing to NeRFs represents a significant advancement
in the realm of 3D scene composition and editing.

Limitations and Future Work. Since our current work doesn’t
explicitly factor in lighting, it may struggle to handle the cases when
the lighting and material properties of the source and target fields
are inconsistently matched. To disentangle the impacts of lighting,
we can apply our propagation to the albedo component with a NeRF
backbone supporting decomposed lighting and materials, which is
a promising topic for future work.
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(a) Naive NeRF (b) Instant-NGP (c) DirectVoxGO
[Mildenhall et al. 2020] [Miiller et al. 2022] [Sun et al. 2022]

Figure 10: Appearance blending results with the three backbones. Our method can be implemented across various radiance
field backbones. Although NeRF variants differ in radiance field parameterization, they all encode scenes as a mapping from
coordinates to densities and RGB values via differentiable neural encodings. As our approach operates directly on the output,
specific parameterizations do not impact our gradient-based blending framework. In addition to TensoRF which has been
already used in our main experiments, we test our approach on Naive NeRF [Mildenhall et al. 2021], Instant-NGP [Miiller et al.
2022], and DirectVoxGO [Sun et al. 2022b].
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Figure 11: Visualizes the fine-tuning processes of two representative cases. The fine-tuning of the simpler case (the first row)
will converge within 50 iterations. While the case with more complex textures (the second row) consumes more fine-tuning
time to simultaneously optimize the gradient loss and color loss.
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