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Abstract— Creating high-quality view synthesis is essential
for immersive applications but continues to be problematic, par-
ticularly in indoor environments and for real-time deployment.
Current techniques frequently require extensive computational
time for both training and rendering, and often produce less-
than-ideal 3D representations due to inadequate geometric
structuring. To overcome this, we introduce VoxNeRF, a novel
approach that leverages volumetric representations to enhance
the quality and efficiency of indoor view synthesis. Firstly,
VoxNeRF constructs a structured scene geometry and con-
verts it into a voxel-based representation. We employ multi-
resolution hash grids to adaptively capture spatial features,
effectively managing occlusions and the intricate geometry of
indoor scenes. Secondly, we propose a unique voxel-guided
efficient sampling technique. This innovation selectively focuses
computational resources on the most relevant portions of
ray segments, substantially reducing optimization time. We
validate our approach against three public indoor datasets
and demonstrate that VoxNeRF outperforms state-of-the-art
methods. Remarkably, it achieves these gains while reducing
both training and rendering times, surpassing even Instant-
NGP in speed and bringing the technology closer to real-time.

I. INTRODUCTION
Neural Radiance Fields (NeRFs) have recently gained

prominence for their versatility in outdoor settings, such as
autonomous driving, visual navigation, and augmented and
virtual reality (AR/VR) applications. As a specialized class
of implicit scene representations, NeRFs [1] offer the unique
capability to recreate 3D environments solely from color
images. Their proven efficacy in capturing intricate details,
even under challenging conditions such as low lighting
[2] or motion blur [3], positions them as an invaluable
tool, particularly in sectors that require precise 3D scene
understanding.

NeRF has demonstrated remarkable achievements in
generating high-fidelity novel view synthesis for outdoor
environments[6], [7], object-level scenes [8], and smaller,
localized regions. However, its application to large-scale,
real-world indoor scenes for robotic navigation and inter-
action has yielded unsatisfactory outcomes. Several factors
contribute to these shortcomings. First, NeRF struggles to
generate geometrically consistent models when relying solely
on RGB correspondences obtained from a limited set of
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Fig. 1: By exploiting geometric priors [4] and efficient
sampling, the proposed VoxNeRF generates better novel
views, even faster than Instant-NGP [5].

posed images. This inconsistency is more pronounced in
”inside-out” settings than in ”outside-in,” object-centered
ones [9], where the overlap between different perspectives is
typically more substantial. Second, the diverse characteristics
of indoor scenes, which include varying scales, textures, and
lighting conditions, pose a complexity that a single neural
network struggles to capture effectively. This variability
can result in unreliable data representations, impacting the
model’s ability to interpret and adapt to its surroundings.
Lastly, the heavy architecture of the Multi-Layer Perceptron
(MLP) inherent in NeRF results in prolonged training and
rendering times, thereby limiting its real-time applicabil-
ity, which is essential for real-world applications such as
robotics.

To address these challenges, several studies have intro-
duced geometric priors derived from COLMAP [10]. These
priors can serve either as supervision signals to reduce
the number of input views and improve convergence or to
improve optimization [9]. In DDPNeRF [9], models learn
dense depth priors, which improves NeRF for complex
indoor scenes with occlusions and reflections. However, the
depth completion network introduces view inconsistency and
generalization issues. Similarly, NerfingMVS [11] employs
depth prediction as an auxiliary task to aid in optimizing
NeRF. Nevertheless, due to the limitation of depth prediction



network, these methods can only be applied to local regions.
Another Avenue of research employs depth and pose as
augmentation for sparse view inputs. This addition adds new
pseudo-ground truth views as supervisory signals [12], [13],
[14], thereby addressing the few-shot input problem. Yet,
these methods focus primarily on forward-facing scenery and
not focus on large scale indoor scenes. Last but not least,
despite the significant progress in overcoming challenges in
indoor settings, the limitation on only local area forward-
facing scenery, as well as the lengthy computational time re-
quired, remain a significant bottleneck for real-world robotic
applications.

To address these challenges, we propose a two-stage
pipeline that utilizes voxel representations of structured
geometry to reconstruct the neural radiance field. In the
first stage, we extract implicit geometry to learn the Signed
Distance Function (SDF) of the scene surface using only
input images. Subsequently, we convert the structured scene
geometry into a Sparse Voxel Octree (SVO), and we employ
ray casting techniques to approximate the scene’s noisy sur-
face [15]. To account for the potential noise in the generated
scene geometry, we use a Gaussian distribution to quantify
the uncertainty at each hit point, defining an appropriate
voxel size to encapsulate this uncertainty. Within these
occupied voxels, we introduce a guided sampling strategy
specifically designed to expedite the training process. This
is achieved by actively forcing the weights along different
ray segments to diverge in specific, desired ways. Follow-
ing guided sampling, the sampled points are incorporated
into multi-resolution grids [5]. Here, the features of eight
vertices are backpropagated to facilitate the learning of
spatial geometry across the entire scene. Consequently, our
method not only achieves 66% faster convergence speed but
also delivers superior rendering results, improving PSNR
by 30% in average. Our method enables the deployment
of novel view synthesis in real-time applications, such as
robotics, which could not be handled by prior works. By
conducting extensive experiments, our method demonstrates
improvements not only in qualitative and quantitative metrics
but also in training and rendering efficiency.

Our contributions can be summarized as follows:
1) We introduce VoxNeRF, a two-stage, geometry-guided

framework for large-scale novel view synthesis in
indoor environments

2) We propose an innovative approach that leverages a
Sparse Voxel Octree for modeling structured geometry
priors to guide the optimization of NeRF.

3) We address the challenges of noisy surfaces with
an adaptive Gaussian distribution technique that both
accelerates training and reduces rendering time.

II. RELATED WORKS

a) Neural Radiance Fields in Robotics: Neural Radi-
ance Fields (NeRF) [1] have gained traction as a versatile
tool for addressing a range of challenges in robotics, includ-
ing Simultaneous Localization and Mapping (SLAM) [16],
[17], [18], pose estimation [19], [20], [21], [22], [23], and

object or scene reconstruction [24], [25], [4], [26], [27].
For instance, Sucar [16] utilized implicit neural networks
to achieve dense mapping and tracking, although their
approach struggles in large-scale indoor environments. To
circumvent the limitations inherent to a single multi-layer
perceptron (MLP), NICE-SLAM [17] employs hierarchical
feature grids, thereby allowing the effective modeling of
multi-room environments. Capitalizing on traditional SLAM
tracking capabilities, Rosinol et al [18] integrate poses gen-
erated by Droid-SLAM [28] and Instant-NGP [5] to develop
a real-time monocular SLAM system. Another emerging
application in robotics involves employing NeRF for pose
estimation. INeRF [19] inverts an optimized NeRF model to
estimate pose, while BARF [20] leverages a bundle adjust-
ment algorithm for the joint optimization of the NeRF model
and camera poses. Beyond optimizing NeRF, Lens [22]
utilizes an optimized NeRF model to generate synthetic
views, thereby training a pose regressor that improves
robot localization in challenging environments. Additionally,
Adamkiewicz et al [21] and Maggio et al[23] have employed
pre-trained NeRF models as environmental maps, facilitating
improved navigation and localization. The utility of NeRF
extends to 3D reconstruction, an essential function for robots
to understand their surroundings. Approaches like those by
Yariv et al [25] and Wang et al [24] represent surfaces as
zero-level sets of a signed distance function (SDF), opti-
mized through volume rendering from multi-view images.
MonoSDF [4] further enhances reconstruction quality by
incorporating estimated geometric cues as additional supervi-
sion signals. On a different note, iSDF [26] proposes a real-
time SDF generation system using posed depth images, and
SHINE-Mapping [27] leverages point clouds from LiDAR
sensors to construct Sparse Voxel Octrees.

b) Faster NeRF: Although NeRF has achieved sig-
nificant success in various applications, its design suffers
from lengthy optimization times for fitting the radiance field
encoding. Several works have been proposed to address this
issue. NSVF [29] models the object of interest using an
octree to avoid free space sampling, which boosts rendering
speed by an order of magnitude. Inspired by sparse voxel
grids, other works [30], [31], [32], [5] propose storing spatial
features in voxel grids to speed up the optimization. Among
them, Instant-NGP [5] leverages a spatial hash table and a
single-layer MLP, enabling scene fitting in just a few minutes
without quality loss. Another branch of works [33], [34],
[35], [36] targets the optimization bottleneck attributed to
the oversampling of empty spaces, which is a significant
concern for robots navigating clutter-free areas. Specifically,
DoNeRF [33] and TermiNeRF [34] use depth prediction
and spatially conditioned sampling strategies, respectively,
to reduce the computational load. AutoInt [37] employs
separate networks to predict segment lengths along each ray,
further optimizing the computational cost associated with
density and color integration. In contrast, our method takes
advantage of this sampling strategy while utilizing off-the-
shelf geometry modeled into an SVO and storing the features
using a spatial hash table, thus achieving rapid rendering



without compromising the quality crucial for robotic per-
ception and interaction.

c) NeRF with Geometric Prior: The utilization of ge-
ometric priors has emerged as a significant advancement in
NeRF-based scene reconstruction techniques [38], [9], [39],
[40], [41], particularly beneficial for robotics where accurate
spatial awareness is essential. NerfingMVS [11] trains a
monocular depth estimation network to obtain scene-specific
depth priors, thereby guiding NeRF sampling. Deng et al [38]
and Roessle et al [9] incorporate depth maps generated by
COLMAP to guide the efficient training of NeRF models in
few-view settings. While Deng et al [38] employ these depth
maps as a supervision signal to constrain ray termination,
enabling efficient training with few views, Roessle et al [9]
use an additional network to predict dense depth maps
from the previous one, And this dense depths maps are
used to inform the placement of sampling points. However,
Dense Depth Priors present inherent challenges. The depth
completion network, for one, lacks view consistency since
each perspective is processed individually. Additionally, it
confronts generalization challenges due to its dependency
on labeled datasets, like ScanNet.

In contrast to prior approaches [1], [38], [11], [9], the
proposed VoxNeRF uses structured geometry to overcome
the limitations associated with depth inconsistencies across
multiple views. Additionally, as shown across three different
datasets, unlike existing approaches using geometric pri-
ors [38], [9], our method generalizes robustly.

III. METHOD

We propose using scene geometry as a prior to accelerate
both the training and rendering of NeRF. To this end, we
introduce a two-stage framework. Firstly, We take advan-
tage of the recent advanced surface generation approach
MonoSDF [4] to generate scene surface (Section III-A). We
then represent the scene geometry as a Sparse Voxel Octree
(SVO) S, and can trace the path of the ray to account for
the noisy surface of the scene geometry. Acknowledging the
inherent uncertainty of each intersected point, we employ
a Gaussian distribution to quantify this variability. Conse-
quently, we adapt the dimensions of the corresponding voxel
to encompass these inaccurate surface points (Section III-
B). Building upon this probabilistic framework, we further
introduce a voxel integration technique guided by the Gaus-
sian distribution to inform and enhance the sampling strategy
(Section III-C).

A. Obtaining Scene Geometry Priors

To obtain the geometry priors for our method, we first
perform a 3D reconstruction of the scene using a Signed
Distance Field (SDF). To this end, we follow previous
works [25], [24], which optimize the surface as the zero-
level set of a Signed Distance Function (SDF), represented
implicitly with neural networks, from 2D image inputs and
monocular predictions of geometry priors (i.e., depth and
surface normals) [4].

Given a point in 3D space, a signed distance function f
is represented as the point’s distance to the closet surface:

f : R3 → R p 7→ s = SDF (p), (1)

Here, p is the 3D point, and s denotes the corresponding
SDF value. For each image pixel corresponding to a ray r,
M 3D points pi = o + tid are sampled along each ray,
while SDF ŝi(r) and color value ĉi(r) are also predicted.
For volume rendering, the SDF values ŝi(r) are transformed
to density σi following [25]:

σβ(s) =


1
2β exp

(
s
β

)
if s ≤ 0

1
β

(
1− 1

2 exp
(
− s

β

))
if s > 0

, (2)

where β is a learnable parameter. Following NeRF [1], the
transparency Ti and the opacity αi can be acquired via:

Ti = exp

−
∑
j<i

δjσj

 , αi = 1− exp(−δiσi), (3)

where δi = ti−ti−1 is the distance between two neighbor-
ing ray segments. In this way, the color cout for the current
ray r could be rendered as:

ĉout =

N∑
i=1

Tiαici. (4)

D̂out =

N∑
i=1

Tiαiti N̂out =

N∑
i=1

Tiαini. (5)

To optimize the above SDF, the predicted depth and the
normals, we use the following losses.
Reconstruction Loss. We utilize the image reconstruction
loss from NeRF [1] to compute the predicted RGB observa-
tions and apply the posed training images as supervision:

Lrgb =
1

N

N∑
r∈R

||Ĉ(r)− C(r)||1. (6)

Eikonal Loss. Following the typical method, the Eikonal
loss is applied for regularization:

Leik =
1

MN

∑
x∈X

(∥fθ(x)∥2 − 1)2. (7)

Geometry Prior Loss. Following previous works [4], we
use the geometry prior loss as these two terms:

Ldepth =
1

N

∑
r∈R

||w(D̂(r) + b)−D(r)||2, (8)

Lnorm =
1

N

∑
r∈R

||N̂(r)− N(r)||1 + ||1− N̂(r)TN(r)||1,

(9)

where the w and q are the scale and shift to match the depth
prediction and depth prior, since the depth prior generated
by the pretrained model is only up to scale.

The total loss function for the geometry optimization is:

Lgeo = Lrgb + λ1Leik + λ2Ldepth + λ3Lnorm. (10)
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Fig. 2: Pipeline of the proposed VoxNeRF. First, we extract the scene geometry with MonoSDF, which we transform into
Octrees. Then, we perform ray casting and sample points efficiently following a Gaussian distribution. Then, we perform
ray casting and sample points efficiently following a Gaussian distribution. The models are optimized by minimizing the
photometric loss to the ground truth.

B. Representing the Scene with Sparse Volumes

Modeling Geometry Prior. After optimizing the geom-
etry, we can obtain the geometric surface of the scene.
Toward this end, we utilize the scene geometry as a prior
by encoding it with an SVO [29]. This representation can
take various forms, such as a point cloud, a mesh, or a
corresponding depth map with known poses. Each voxel in
the SVO comprises a center point pi and an axis-aligned
bounding box V that surrounds this center point. The voxel
coordinates are encoded as 8-bit Morton codes, which is
known as the Z-order curve. Z-order gives a deterministic
ordering of integer coordinates on a 3D grid. And we can
convert the 3D coordinates to a non-negative 1D integer
coordinate. This significantly reduces memory consumption.

Obtaining accurate scene geometry is an ill-posed problem
because the process of acquiring geometric information is
inherently noisy. This is due to factors such as inaccuracies
in feature matching, camera parameters, or optimization in
methods such as COLMAP [42] for visual-only processes.
Another source of issues is the presence of small objects
in the scene. The geometry priors of MonoSDF are derived
from Omnidata [43], where the geometry cues at the edges of
the objects could be easily missed, leading to reconstruction
errors. To address this issue, we model the scene geometry
with Gaussian noise N (pi, s(pi)

2).
Our 3D geometry representation starts from a 3D point

cloud, as shown in Figure 2. Specifically, each point pi in
the scene geometry is modeled with a sphere S centered at
pi, where the radius ri corresponds to the sigma value s of
the Gaussian noise. This sphere serves as a guide for setting
the leaf voxel size of the SVO. We set the voxel size to the
maximum of the sigma values across all scene points:

v(pi) = max(r1, r2, ..., rn). (11)

Here, n represents the total number of points used for
building the SVO.

Scene Representation. To encode the radiance field of
the scene, we use the multi-resolution hash grids to encode
the spatial features, as suggested in [5]. We first feed the
input into the hash tables and pass the concatenated outputs
through a single MLP. Specifically, a function Fθ is used
to predict the volume density σi and the radiance ci from a
position pi and a unit-norm viewing direction vi, as follows:

ci, σi = Fθ(pi,vi). (12)

The trainable feature vectors are stored in several compact
spatial hash tables, each indexed at different resolutions. The
interpolated outputs from each hash table are concatenated
and passed through a single MLP to generate the density.
The one-layer MLP also generates a hidden code, which is
then concatenated with view directions encoding and passed
through another 3-layer MLP to generate the radiance ci. The
final color of each ray is determined by volume rendering
Eq. (4).

It is important to note that the SVO and the hash table
are different representations of the scene geometry. The
SVO takes in geometry priors and is used to determine the
ray-surface intersections, enabling our sampling algorithm
(Section III-C). In contrast, the hash grids solely account for
encoding features from the input sampling points.

C. Efficient Sampling

In NeRF, the sampling points are distributed throughout
the whole space. However, this approach can be time-
consuming, as many are at empty locations and do not
contribute to the final rendering. Inspired by the observation
from Deng et al [38] that the ideal weight distribution
along the ray is unimodal near the possible surface [38],
we propose an efficient sampling strategy. Specifically, we
aim to draw more informative sampling near the surface.

Efficient Sampling with Gaussian-Distributed Voxels.
We improve efficiency by only sampling a small fraction of
points in the empty space. To determine the empty space, we



Method Geometry scene 0000 scene 0158 scene 0316 scene 0653
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

NeRF[1] No 15.76 0.699 29.19 0.928 17.09 0.828 30.89 0.953
Instant-NGP[5] No 17.78 0.558 12.40 0.575 27.34 0.927 25.08 0.875

NerfingMVS[11] Depth network 18.07 0.748 30.55 0.948 20.88 0.899 30.89 0.953
VoxNeRF+SLAM SLAM [44] 30.45 0.795 33.22 0.905 32.24 0.933 32.60 0.911

VoxNeRF MonoSDF [4] 30.13 0.791 35.78 0.929 34.61 0.940 34.10 0.930

TABLE I: Comparative experiments on the ScanNet dataset.

Method Geometry Courtroom Auditorium Museum Ballroom
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

NeRF[1] No 19.14 0.625 18.90 0.813 17.45 0.596 23.48 0.709
NerfingMVS[11] Depth Network 19.77 0.4376 21.95 0.5597 18.62 0.3594 16.88 0.2907
Instant-NGP [5] No 19.97 0.753 19.46 0.744 17.59 0.721 24.39 0.784
MonoSDF [4] Omnidata [43] 20.71 0.671 24.01 0.847 19.16 0.587 22.04 0.650

VoxNeRF MonoSDF [4] 24.76 0.733 28.62 0.850 23.91 0.770 25.40 0.779

TABLE II: Comparative experiments on the Tanks and Temples dataset.

Instant-NGP NerfingMVS VoxNeRF (Ours) Ground Truth

Fig. 3: Renderings of the ScanNet dataset show that our
method provides more detailed and clearer outputs, espe-
cially at the edge of the objects, compared to the state-of-
the-art [11].

consider an octree cube covering the majority of the Gaussian
distribution N (pi, s(pi)

2). Specifically, we set the size of
the cube to max s(pi). To sample points around the surface,
which we call important sampling points, we draw points
according to the following Gaussian distribution:

N (z(pi), 3s(pi)
2), (13)

where z(pi) is the intersection between the ray and the
octree cube, obtained by tracing the ray [15], furthermore,
we set

√
3s(pi) as the standard deviation to cover the

entire voxel octree space. As the probability that a value is
beyond 3σ in a Gaussian distribution is only 0.3%, we stop
sampling important points until we are at 3

√
3s(pi) from

the intersection point. This is shown in Figure 2.
To cover the whole space, we generate samples using the

uniform distribution:

U(0, z(pi)− 3
√
3s(pi)),

U(z(pi) + 3
√
3s(pi),∞).

(14)

Method
Training

Time
Convergence

Iters
Rendering

Time
NeRF [1] 24hs 1M 7s

NerfingMVS [11] 3.5hs 300k 7s
Instant-NGP [5] 15mins 300k 0.66s

VoxNeRF 5mins 30k 0.5s

TABLE III: Efficiency comparison on the ScanNet dataset.

IV. EXPERIMENTS AND RESULTS

A. Experimental setup

Dataset We evaluated our VoxNeRF for indoor spaces
across three datasets: Replica [45], ScanNet [46], and Tanks
and Temples Advanced Indoor Dataset [47]. Replica is a
renowned benchmark with an array of scenes characterized
by disparate layouts, illumination, and textures. ScanNet
encompasses a vast collection of indoor settings captured via
RGB-D sensors, providing an extensive set of environments
and configurations. Tanks and Temples offer scenes with
intricate lighting and large-scale surfaces, which are critical
to assess the method’s robustness.

Implementation details To generate structured geometric
priors, we employ MonoSDF [4]. Images from the three
datasets are center cropped and resized to 384 × 384. For
the optimization, we employ ADAM [48] with a learning
rate of 0.02 and a cosine annealing schedule to 0.001. We
sample 4,096 rays per batch and train for 30,000 iterations
for each scenario on a single NVIDIA TITAN 2080 Ti 11GB
GPU. For the voxel dimensions, we designate 2cm, 4cm, and
4cm for Replica, ScanNet, and Tanks and Temples advanced
datasets, respectively. We evaluate PSNR for the renderings,
and SSIM for the high-frequency details.

B. Results

Baselines We compare our methods with various state-of-
the-art methods: the standard NeRF [1], NerfingMVS [11]
which apply depth priors as guided optimization or regu-
larization for small-scale and local indoor scenes, Instant-
NGP [5] for its fast optimization and fair reconstruction
result, to validate the benefit of our geometric priors.



Fig. 4: Ablation study of our efficient sampling. As high-
lighted by the boxes, the surfaces appear less sharp using
the uniform sampling method.

ScanNet We adopt the training and testing scheme de-
scribed in [11] for the ScanNet dataset, using only around
40 images in the whole sequence for training, covering only
local areas, while five images of the same area are used
as validation set. We evaluate the efficiency of our method
on four scenes featured in their paper. We do not compare
with DDPNeRF [9] because we could not run it successfully,
which could possibly stem from the lack of view consistency
inherent in the depth completion network. As shown in
Table. I, our method achieves the best rendering quality
overall. We also report our method with the geometry from
SLAM [44] as VoxNeRF+SLAM. Although SLAM generates
less complete geometry compared to MonoSDF, the perfor-
mance of VoxNeRF+SLAM is on par with VoxNeRF, which
employs more compact geometry. This outcome validates the
effectiveness of our proposed efficient sampling methods.

Tanks and Temples Advanced Sets For this dataset, we
follow the split of MonoSDF [4] and randomly select 30
images for evaluation. The quantitative results are presented
in Table II. The scenes are significantly larger than in
ScanNet. As a result, methods focusing on local areas,
such as NerfingMVS [11], produce less satisfactory results.
Instant-NGP [5] demonstrates quick optimization times, it
underperforms in sparse-view settings. To ensure a fair
comparison, we also include results from MonoSDFF [4].
Our method outperforms others in rendering novel views,
as substantiated by the highest PSNR values across the four
scenes.

Runtime and Efficiency Thanks to our efficient sam-
pling methods, the training and rendering times are much
shorter, and the convergence speed is improved. As shown
in Table III, our method significantly enhances performance,
achieving an astonishing 30k iterations to convergence, re-
sulting in a substantial reduction training time to only 5
minutes on a relatively old 2080 Ti GPU. This is even 66%
faster than Instant-NGP. Furthermore, our method achieves
a slightly faster rendering time than Instant-NGP. Such
speedup indicates that this is a significant step towards real-
time rendering, enabling many real-world robotics operations
such as immersive AR or VR experience robotics navigation.

dataset PSNR SSIM
w/o mesh 35.677 0.9775

visual mesh 39.362 0.9807
GT mesh 39.754 0.9811

TABLE IV: Ablation study of the structured geometry on
the Replica dataset.

Method TNT advanced Replica
PSNR SSIM PSNR SSIM

uniform sampling 19.87 0.6506 24.63 0.8652
efficient sampling 25.75 0.775 28.62 0.8504

TABLE V: An ablation study of sampling methods on the
Tanks and Temples (TNT) and Replica datasets.

C. Ablation Studies

Importance of Structured Geometry One of the key
contributions of our work is the utilization of structured
geometric priors. We show this with experiments under three
conditions on the Replica: a) without any geometric priors,
b) with a mesh generated from MonoSDF, which relies solely
on visual cues for the mesh generation, and c) with ground
truth (GT) meshes. It should be noted that all meshes are
first converted to point clouds using their vertices. We con-
ducted these experiments using the same experiment setup
as the other experiments setup. The results are presented in
Table IV and show that the structured geometry significantly
impacts the results. Furthermore, using the visual mesh does
not substantially degrade compared to the GT mesh. This
is because our Gaussian modeling of the spatial voxels can
handle the noise generated during the creation of the visual
mesh. Even with very sparse geometry where our sampling
degenerates to uniform sampling, the proposed VoxNeRF
still robustly achieves results comparable to NeRF, as shown
in Tab IV.

Efficient Sampling Another key contribution is the effi-
cient sampling. We demonstrate its importance by comparing
it with uniformly sampling the same number of points in the
entire space. The results are shown in Table V. Our efficient
sampling not only leads to faster convergence speed but also
produces better view synthesis. Qualitative results can be
seen in Fig. 4. Our efficient sampling helps recover surfaces,
which is particularly beneficial for textureless areas.

V. CONCLUSION

We presented a novel framework that leverages the struc-
tured geometry of Sparse Voxel Octree for novel view syn-
thesis in large-scale indoor scenes. By applying a Gaussian
distribution to the spatial voxel, we mitigate the minor draw-
backs of the generated geometry. We also introduced an effi-
cient sampling method that facilitates training and enhances
the quality of novel view synthesis. Through comprehensive
experiments on Tanks and Temples advanced, ScanNet, and
Replica datasets, we demonstrate that our method attains
state-of-the-art performance in novel view synthesis. Our
method also exhibits faster training and convergence times
and faster rendering times. Future work may further incor-
porate the geometry alongside the rendering optimization.
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