LEVERAGING NERF-RENDERED IMAGES FOR 3D GAUSSIAN SPLATTING
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ABSTRACT

Neural radiance field (NeRF) and 3D Gaussian splatting
(3DGS) are two mainstream approaches for novel view
synthesis. They often show complementary performance,
i.e., 3DGS demonstrating faster rendering speed and NeRF
demonstrating higher rendering quality. Motivated by this,
we propose leveraging NeRF-rendered images for 3DGS.
Specifically, we target street scenes and utilize a pre-trained
street-specific NeRF method to produce training images for a
target 3DGS method. In our 3DGS training, NeRF-rendered
images are used to remove transient objects in street-level
input views and to generate bird’s-eye views as additional
views, inheriting the higher-quality rendering of NeRF into
3DGS. We further incorporate a diffusion-based image en-
hancement to improve the image quality of the additional
views. Experimental results on one synthetic and two real
datasets demonstrate that our proposed method improves
street-scene rendering while preserving the speed of 3DGS
and the quality of NeRF.

1. INTRODUCTION

Novel view synthesis (NVS) is the task of rendering images
from arbitrary viewpoints by modeling an explicit or implicit
3D representation of the scene from observed multi-view im-
ages. 3D Gaussian splatting (3DGS) [1] and neural radiance
fields (NeRF) [2]] are currently two mainstream approaches
for NVS. It is widely understood that 3DGS has a strong ad-
vantage in rendering speed and can achieve real-time NVS,
whereas NeRF usually cannot. On the other hand, whether
3DGS or NeRF achieves higher rendering quality is incon-
clusive due to their differences in 3D representations and ren-
dering mechanisms.

In this study, we target the situation where 3DGS and
NeRF provide complementary performance, i.e., 3DGS
achieves real-time rendering, and NeRF demonstrates higher
rendering quality. In this situation, we propose leveraging
NeRF-rendered images to train 3DGS. The top of Fig. [I]
shows the general and conceptual flow of our proposed
method. We first train a NeRF method, which is called
reference NeRF, in a standard manner using input images and
corresponding camera poses. Then, we render additional-
view images from generated camera poses using the refer-
ence NeRF model. They are subsequently used for training
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Fig. 1: The top part shows the general and conceptual flow of
our proposed method, where we utilize NeRF-rendered im-
ages for additional views to train a 3DGS method. The bot-
tom part shows the examples of generated additional views
targeting the NVS of a street scene.

a 3DGS method, which is called target 3DGS, as well as the
original input images and an initial point cloud estimated by
structure from motion (SfM) [3[. In this pipeline, the refer-
ence NeRF plays a role in augmenting training views for the
target 3DGS, exploiting its higher rendering quality.

Similar to this study, some recent studies addressed com-
bining NeRF and 3DGS. Viewing direction Gaussian splat-
ting (VDGS) introduces viewing direction encoding of NeRF
into the opacity modeling of 3D Gaussians [4]. NeRF-GS
proposes a framework to jointly train NeRF and 3DGS to re-
alize feature-level coupling between them [5]. While these
studies design a specific network model for each method, we
propose a more general approach that exploits a pre-trained
reference NeRF model to augment training images for 3DGS,
allowing the inclusion of arbitrary 3DGS-based methods as
the target 3DGS.

With the above feature of our method in mind, in this pa-
per, we design a method specifically tailored for NVS in street
scenes. For this purpose, we employ a recent segmentation-
guided NeRF method for street scenes [6] (we call it Street-
NeRF in short) and generate bird’s-eye views as additional
views, as shown at the bottom of Fig. [} where red cam-
eras are original input views from a car-mounted camera and
green cameras are generated additional views. By adding the
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Fig. 2: The overview of our proposed method using StreetNeRF as the reference NeRF method, targeting NVS in street scenes.

bird’s-eye views rendered from StreetNeRF in high quality,
our method improves the NVS quality of the target 3DGS
while preserving its real-time performance. Furthermore, in-
spired by the recent study of [7]], we apply a diffusion-based
image enhancement to the additional views as an option,
which further enhances the NVS quality. In experiments,
we apply our proposed method to three representative 3DGS
methods, i.e., Splatfacto [8] (3DGS implementation in Nerf-
studio [9]), Scaffold-GS [10], and 2DGS [11]], and evaluate
them using one synthetic and two real datasets. The results
demonstrate that our method consistently improves the NVS
quality of the above target 3DGS methods, especially for
novel views downward to the street, which are unobservable
from street-level input views.

2. PROPOSED METHOD

2.1. Overview

Figure [2 illustrates the overview of our proposed method
using StreetNeRF [6]] as the reference NeRF method, tar-
geting NVS of street scenes. Firstly, following StreetNeRF,
three types of binary masks are generated using Grounded
SAM [12]] to identify the sky, the ground, and the transient
objects in each input image. Then, StreetNeRF is trained
using those masks, input images, and camera poses estimated
by SfM [3]. The trained NeRF model is then used to ren-
der images at the input views and newly defined bird’s-eye
additional views. For the input views, image composition is
performed using the transient masks to generate transient-
object-removed composed images. For the additional views,
a diffusion-based image enhancement [7] is optionally ap-
plied to generate enhanced images. Finally, the composed
images and the enhanced images are used as the inputs to
train a target 3DGS method, enabling the generation of novel
view images.

2.2. Review of StreetNeRF

StreetNeRF is a derivative of Zip-NeRF [13] specifically
adapted to street scenes by introducing segmentation-guided
region decomposition and region-specific processing to ad-
dress challenging areas that typically lead to performance
degradation in street scenes. Using the generated three types
of binary masks mentioned before, specialized treatments are
applied to each region, including infinite-depth color mod-
eling for the sky, plane regularization for the ground, and
disabling loss computation in transient-object regions. In
addition, to mitigate artifacts caused by inconsistencies in il-
lumination conditions across input images, color transforma-
tions for each image are trained for appearance embedding.
From the aspect of our proposed method, StreetNeRF pro-
vides the following benefits.
e Input-view images: Since StreetNeRF excludes the
transient-object regions from loss computation during
its training, the rendered images for input views (i.e.,
training views) are not affected by transient objects.
Because these images also contain information behind
moving objects, they enable the target 3DGS method to
be trained with richer visual information.
¢ Additional-view images: Additional information not
directly observed from the input views can be supplied
to the target 3DGS method. By generating effective ad-
ditional views for street scenes, a higher-quality render-
ing of StreetNeRF, according to the plane regulariza-
tion and the sky color modeling, can be inherited into
the target 3DGS method.

The detailed processes are explained below.

2.3. Image composition for input views

At the input views, replacing the real images entirely with
the images rendered from the trained StreetNeRF model can
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Fig. 3: Schematic illustration of additional view generation.

suppress the influence of transient objects. However, this may
reduce the reliability of the image content in static regions. To
balance these factors, we compose the two types of images
to construct better input-view images. For this purpose, we
reuse the binary transient mask to replace only the regions
corresponding to the transient objects in the real images with
those rendered by the NeRF model. This allows us to utilize
high-confidence images for training the target 3DGS method
while eliminating the influence of the transient objects.

2.4. Generation of additional views

In street scenes, typical viewpoints that cannot be observed
using an on-board camera, but are important for NVS appli-
cations such as street map viewing, are the viewpoints looking
down at the street from the top. Thus, we generate bird’s-eye
views as additional views, as shown in Fig. [3] The parameters
we set are the upward distance Ah from the input views and
the downward angle 0., for the bird’s-eye views.

As an optional process to further enhance the image qual-
ity, an image enhancement diffusion model provided in [7] is
applied to the NeRF-rendered additional-view images. This
process sharpens the regions that are blurry in the images.

3. EXPERIMENTAL RESULTS

3.1. Results on synthetic dataset

Dataset and settings: We used the synthetic Block Small
dataset in MatrixCity [14], as shown in Fig. @ The left im-
ages are examples of the input images. The top-right fig-
ure shows the point cloud and the camera poses. The Block
Small dataset only provides street-level (3m height and 0°
pitch) training and evaluation views shown as the red cameras,
which are insufficient to evaluate the rendering quality from
novel views far from the training views. Thus, we constructed
additional evaluation views, shown as the yellow cameras in
the bottom-right figure, for which the cameras were circularly
moved at two different heights and pitches, i.e., (10m, 25°)
and (13m, 30°). We call these sets of evaluation views bird’s-
eye evaluation views 1 and 2 (BEV_1 and BEV _2), respec-
tively. In our method, we set Ah = 10m and 0,4, = 30° for
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Fig. 4: Synthetic dataset of MatrixCity Block Small.

Table 1: Quantitative comparisons on Block Small dataset.
The bold represents the best, and the underline represents the
second best for each target 3DGS method.

PSNR 1 SSIM +
Street BEV_1 BEV_2 | Street BEV_1 BEV_2
StreetNeRF [6 2356 22.02 2143 |0.759 0.722 0.701
Splatfacto [8 2247 18771 1633 | 0.782 0.658  0.608

Ours w/o diffusion (Splat.) | 23.49 22.24 21.75 | 0.787 0.748  0.729
Ours w/ diffusion (Splat.) | 22.93 22.56 21.87 | 0.781 0.746 0.725
Scaffold-GS 2439 2170 2099 [0.839 0.739 0.696
Ours w/o diffusion (Scaff.) | 24.14 22.18 21.51 | 0.826 0.762 0.735
Ours w/ diffusion (Scaff.) | 24.19 22.92 22.38 | 0.817 0.764 0.742
2DGS [IEII 2280 1998 17.75 | 0.788 0.699  0.665
Ours w/o diffusion (2DGS) | 23.14 22.36 21.77 | 0.771 0.753  0.735
Ours w/ diffusion 2DGS) | 22.91 22.64 22.09 | 0.767 0.755 0.739

generating additional views, which are not identical to BEV_1
and BEV_2, because the additional views are generated ac-
cording to the training views, as illustrated in Fig.[3] We ap-
plied our proposed method (w/o and w/ diffusion) to three
target 3DGS methods, i.e., Splatfacto [8], Scaffold-GS [10],
and 2DGS [11]).

Quantitative comparisons: Table [1| shows the quantitative
results, where we evaluate peak signal-to-noise ratio (PSNR)
and structural similarity index measure (SSIM) [15]]. For the
original street-level evaluation views (Street), our method
does not consistently improve the original methods. This is
because these views are close to the training views, resulting
in sufficient quality even by the original methods. This is
evident from that the numerical performance on BEV_1 and
BEV_2 significantly drops for the original methods. In con-
trast, our methods w/o and w/ diffusion consistently improve
the original methods on BEV_1 and BEV_2 and alleviate
the performance drops compared with Street. Regarding the
rendering speed, our method with Splatfacto maintains its
original speed and achieves a frame-per-second of 50.86 us-
ing an NVIDIA RTX 4090 GPU, which is much faster than
that of StreetNeRF (0.115). These results indicate that our
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Fig. 5: Visual comparisons on the Block Small dataset using Splatfacto.

Table 2: Ablation study on Splatfacto.

PSNRT
233{ ;Sg; ggi ;Ile"’};v; Diffusion || Street BEV_1 BEV.2
2247 1871 1633

v 2297 1887  16.30

v v 273 2027 1822

v 2349 2224 2175

v v 2293 2256 21.87

method realizes both high quality and high speed by combin-
ing NeRF and 3DGS.

Visual comparisons: Figure [5|shows the visual comparisons
using Splatfacto. The visual results support a consistent in-
terpretation with the numerical results. For Street on the top,
all methods produce similar results sufficiently close to the
ground truth (GT). In contrast, for BEV_1, Splatfacto gener-
ates significant artifacts and black-colored holes on the road.
It is confirmed that the reference StreetNeRF succeeds in re-
ducing those artifacts and holes, owing to the plane regular-
ization of the road. Our method w/o diffusion produces a
similar result with StreetNeRF, validating that our method can
successfully inherit the rendering quality of StreetNeRF to the
target Splatfacto. Finally, our method w/ diffusion demon-
strates the best visual result, owing to the strong capability
of the diffusion model to enhance image quality. The visual
comparisons using Scaffold-GS and 2DGS are included in the
supplementary material, where a similar tendency with Splat-
facto can be observed.

Ablation study: To investigate the effectiveness of combin-
ing NeRF-rendered images and diffusion-based image en-
hancement, we conducted an ablation study shown in Table 2]
using Splatfacto. The first row shows the result of the original
Splatfacto. The second row represents the method that uti-
lizes the same additional views as ours, but they are rendered

Fig. 6: Real datasets of Park (top) and Shinagawa (bottom).

from the original Splatfacto. The third row is the method
that further adopts the diffusion-based image enhancement
to the additional views rendered from the Splatfacto. Com-
pared with the first row, simply adding views rendered by
the original Splatfacto (second row) yields no significant
difference. While applying the diffusion-based image en-
hancement to these 3DGS-rendered views (third row) brings
an improvement, our proposed methods leveraging NeRF-
rendered additional views (the fourth and fifth rows) achieve
a substantially larger performance improvement for BEV_1
and BEV 2. These results validate the importance of utilizing
the NeRF method as the reference to generate the additional
views.

3.2. Results on real datasets

Datasets and settings: We used two real datasets, as shown
in Fig.[6] The first dataset is the Park dataset provided in [16]).
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Fig. 7: Visual comparisons on the Park (top) and the Shinagawa (bottom) datasets using Splatfacto.

While the Park dataset contains street-level and aerial images,
we only used the street-level images for the training, accord-
ing to our assumed situation in this study. Using only street-
level images, we performed SfM by using COLMAP to
estimate the camera poses and the point cloud. The param-
eters to generate additional views were empirically set as
Ah = 5m and Opien = 25°.

Another dataset shown in the bottom part of Fig. [6] is

our constructed dataset, named the Shinagawa dataset, captur-
ing an intersection of Shinagawa City using a dashcam. The
dataset includes a total of 12 video clips, i.e., four straight
directions (South to North, North to South, West to East, and
East to West) and eight turning directions (e.g., South to West,
South to East, etc.). The camera poses and the point cloud
were estimated by SfM using COLMAP. The parameters to
generate additional views were empirically set as Ah = 5m
and Op;cn, = 15°.
Visual comparisons: Because there are no suitable evalu-
ation views for the real datasets, we only performed visual
comparisons for those datasets. Specifically, the aerial views
in the original Park dataset are too high in height and placed
outside the range of reconstruction areas from street-level
views, making them unusable for evaluation views. Also,
there are no views other than street-level views for the Shi-
nagawa dataset because the images were captured using a
dashcam mounted on a real car.

Figure [7] presents visual comparisons on the Park (top)
and the Shinagawa (bottom) datasets using Splatfacto. For
both datasets, our proposed methods w/o and w/ diffusion
successfully improve the original Splatfacto, significantly re-
ducing the holes on the ground and the road, which is at-
tributed to the incorporation of the plane regularization in
StreetNeRF. Even though the Shinagawa dataset contains a
large number of transient objects, artifacts caused by such ob-
jects are not apparent in the results of our methods, indicating
that high-quality street-scene representations are successfully

achieved, which is attributed to the exclusion of transient ob-
jects in the input views.

3.3. Video results

Video results can be confirmed from our project pagfﬂ in-
cluding additional results using Scaffold-GS for real datasets.
The overall trends of the results are consistent with the results
in this paper, clearly highlighting the better rendering quality
of our proposed methods in both cases w/o and w/ diffusion.

4. CONCLUSION

In this paper, we have proposed a method for integrating a ref-
erence NeRF method to improve a target 3DGS method. As
the reference NeRF method, we adopted StreetNeRF, which
incorporates street-specific processing to achieve high-quality
NVS. We used the trained StreetNeRF model to generate both
input-view images and additional-view images. Image com-
position and diffusion-based image enhancement are applied
to these images, respectively, and the resulting images are
then used to train the target 3DGS method. Both quantita-
tive and qualitative evaluations have demonstrated that our
proposed method achieves NVS quality comparable to or sur-
passing that of StreetNeRF, while maintaining the rendering
speed of the original 3DGS method. One of the limitations
of our method is that we currently generate the poses of addi-
tional views in an empirical manner. The generation of opti-
mal poses for additional views is one of our future works.
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Supplementary Material:
Leveraging NeRF-Rendered Images for 3D Gaussian Splatting

6. ADDITIONAL RESULTS

Table [ST] shows the full numerical comparison for the syn-
thetic Block Small dataset, including the learned perceptual
image patch similarity (LPIPS) [17]. The results of LPIPS
for BEV_1 and BEV_2 indicate that our proposed method
with diffusion enhancement shows the best performance for
all 3DGS methods. Figures [ST]to [S3]show additional visual
comparisons for the Block Small dataset, including the re-
sults using Scaffold-GS and 2DGS, as well as the results for
BEV_2, which cannot be included in the main manuscript due
to limited space. The overall trends of the results are consis-
tent with those mentioned in the main manuscript.



Table S1: Quantitative comparisons on Block Small dataset. The bold represents the best, and the underline represents the
second best for each target 3DGS method.

PSNR 1 SSIM 1 LPIPS |
Street BEV.1 BEV.2 | Street BEV.l BEV.2 | Street BEV.l BEV.2
StreetNeRF [6] 2356 2202 2143 | 0759 0.722  0.701 | 0371 0298 0318
Splatfacto [8] 2247 1871 1633 | 0782 0658 0608 | 0316 0332  0.364

Ours w/o diffusion (Splat.) 23.49 22.24 21.75 0.787 0.748 0.729 0.365 0.299 0.312
Ours w/ diffusion (Splat.) 22.93 22.56 21.87 0.781 0.746 0.725 0.369 0.263 0.269

Scaffold-GS M 24.39 21.70 20.99 0.839 0.739 0.696 0.194 0.215 0.249
Ours w/o diffusion (Scaff.) 24.14 22.18 21.51 0.826 0.762 0.735 0.261 0.264 0.290
Ours w/ diffusion (Scaff.) 24.19 22.92 22.38 0.817 0.764 0.742 0.267 0.208 0.216

2DGS [|£|] 22.80 19.98 17.75 0.788 0.699 0.665 0.382 0.350 0.371
Ours w/o diffusion 2DGS) | 23.14 22.36 21.77 0.771 0.753 0.735 0.426 0.323 0.334
Ours w/ diffusion (2DGS) 22.91 22.64 22.09 0.767 0.755 0.739 0.427 0.301 0.305
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Fig. S1: Visual comparisons on the Block Small dataset using Splatfacto
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Fig. S2: Visual comparisons on the Block Small dataset using Scaffold-GS
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Fig. S3: Visual comparisons on the Block Small dataset using 2DGS
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