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ABSTRACT 3-D reconstruction for large scale indoor and outdoor environments constituted a challenging
problem in inverse graphics and computer vision research community. The scalability issue that concerns
only the geographic dimensions of the reconstructed scene in terms of scale is a inevitable bottleneck. This
could be confronted by state-of-the-art methods which a comparative study should be reveal new insights
of the digital environment representation. In this paper, a comparative study is facilitated including few
literature methods with accordance by common evaluation metrics and computational complexity. A novel
loss function referring to the scene details is also discussed by accessing the density variable of the NeRF
multilayer perceptron output as alternative research direction. To this end, it presents efficiency advantange
in terms of robustness to noise, scale and sentivity to distortions combined with sufficiency on accessed
GP-GPUs memory and footprint in several datasets while it was validated and compared with state-of-the-

art Inf-NeRF, Grid-NeRF and Nerfacto techniques.

INDEX TERMS Large scale 3-D reconstruction, Inf-NeRF, grid-NeRF, Nerfacto, density loss function,

comparative study.

I. INTRODUCTION

3-D reconstruction for large scale indoor and outdoor
environments based on neural implicit techniques is an
interesting and rapidly growing field of computer vision.
References [1], [2]. In this aspect, Neural Radiance Fields
(NeRF) methods [3] are a powerful tool for generation of
photorealistic 3-D models of scenes, exploiting 2D images [4]
or videos [5]. Efforts towards tackling issues regarding the
huge training time of such methods include the introduction
of novel input encodings that allow for usage of smaller
networks without quality drop [6]. The need of big amount
of training data can been also addressed [7], although
rendering time is slow and increases linearly with more
input views that are necessary towards producing a better-
quality output. The combination of Generative Adversarial
Networks (GANs) and NeRF [8] can remove the need for
accurate camera pose information for the training images and
scene generalization can be addressed with the introduction
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of attention mechanisms [9], however the required training
time for a single scene is still substantial. Recent NeRF
methods have managed to speed up training and generation of
novel views, by descriminating the 3-D volumes of the NeRF
in an octree-based radiance field [10]. Time performance
in training and rendering time has improved by efficiently
sampling points of the scene [11].

Although, the performance gain is achievable with the use
of high-end GP-GPUs through them recent developments
in computer graphics and computer vision technologies
refers to 3-D reconstruction literature foundational work and
recent advances in cross-modal reasoning for 360 depth
completion [12] and reconstruction for large-scale indoor
environment with feature alignment network [13], graph neu-
ral networks [14], polyhedron-based graph neural network for
3-D building reconstruction from point clouds [15], including
cases of few-shot generalization for single-image 3-D recon-
struction via priors [16], or visual question answering for 3-D
environments [17], allow creation of virtual environments
for XR applications by low cost yet high-fidelity 3-D
reconstruction methods and neural methodologies. In this
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respect, a comparison study is presented in this paper
on recent scientific advances offering a methodology for
creating photorealistic 3-D reconstructions for Digital Twins.
The aim is to establish a basis for the applicability of state-of-
the-art inverse graphics, concretely for baseline NeRF models
(e.g. Nerfacto) and latest high quality and performance
large scale scenes models (i.e. Inf-NeRF, Grid-NeRF). These
models can be ran for both indoor and outdoor enviroments
as well as for precise metric estimation of complex Digital
Twin for tourism and cities [18], [19]. The main NeRF
techniques that are being evaluated in this paper are the
NeRFacto [20], Inf-NeRF [21], Grid-NeRF [22] and a
proposed one with a novel evaluation loss. In this topic,
recent literature often refers to additional loss for learning
radiance fields that takes advantage of superpixels texture
constraints [23] or combination of explicit Gaussians and
neural fields strengths in case of Hybrid Radiance Fields
(HyRF) [24] novel scene representation decomposing the
scene into set of explicit Gaussians storing only critical
high-frequency parameters and grid-based neural fields that
predict remaining properties. In this paper, an important
and timely topic for scalability of Neural Radiance Fields
in large-scale 3-D reconstruction attempts to combine a
comparative study with a methodological contribution based
on a modified loss function applied to Inf-NeRF. The main
contribution relies on the introduction of a density-based
loss term that incorporates the gradient and variance of the
NeRF density field. It validates the detection of detailed space
with more sampling points indicated by novel computation
of variance and gradient of the density parameter instead
of colour in NeRF’s mathematical model [3]. To this end,
rendering views gain better quality that are robust to noise,
scale and sentivity to distortions as PSNR, SSIM and LPIPs
performance shows respectively. Although, such pipelines
typically require substantial computational resources, they
are state-of-art 3-D reconstruction methodologies that use
photogrammetry to create accurate virtual representations of
spaces, enriched with the respective textures. However, these
methods are selected due to the fact that are easily deployed
within a normal computation facility equipped with sufficient
required GP-GPUs resources.

The remainder of this paper is organized as follows.
In Section II related literature for Neural Radiance Fields
(NeRFs) 3-D reconstruction is presented, whereas in
Section III we describe the details of proposed method which
included in the comparative study. In Section IV experiments
conducted to measure the algorithms performance are
presented. Finally, Section V provides a discussion and
Section VI presents conclusions and future work.

Il. RELATED WORK

A. NEURAL RADIANCE FIELDS

NeRFs are known as differentiable novel-view synthesis
models as they learn the implicit 3-D representations without
3-D supervision. This implies that every single pixel in the
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reconstructed render image (ray compound) is a differentiable
function of the computerized 3-D world. NeRFs encode for
each view and pixel the radiance (RGB values) accounting for
its relative position and orientation of the camera viewpoint.
Given this input data, the NeRF ‘“Field” uses a fully
connected neural network (i.e. Multilayer Perceptron) which
is able to infer the volumetric properties (both surface volume
and density estimation) of the space by sampling a set
of rays for every pixel from the camera to the surface.
By rendering the training views the model is able to represent
the 3-D scene from novel views (subsequently validated with
unseen views) using quality assessment metrics. Here the
groundbreaking challenge solved by NeRFs is that these
networks only require a set of monocular images, which are
subsequently pre-processed with an StM mechanism (relative
transformation of location and rotation of the cameras). From
the estimated location and direction of these rays, point
clouds can be estimated and therefore a mesh or surface (3-D
model) can be reconstructed and later texturized with the
radiance values.

The main challenge with NeRFs relies on the computa-
tional cost related to sampling and encoding ray projections.
As the resolution and number of images increase, both
the training time and the required parameters to represent
the scene scale accordingly. This process involves the
interpretation of rays inside a frustum employing a specific
uniform positional encoding as a coarse-fine structure.
Mip-NeRF [25] reduces this cost with a versatile frustum
which can sample the ray space in a unique integrated
encoding network. Here Mip-NeRF interprets the ray space
as a set of conical frustums, utilizing an integrated positional
encoding. This technique approximates the frustum with
a multivariate Gaussian and then computes the integral
over the positional encodings of the coordinates within the
Gaussian. It was demonstrated that with the same precision
Mip-NeRF requires half the parameters (memory) on the
same scene in comparison with “vanilla” NeRFs. Mip-
NeRF360 [26] is a Mip-NeRF variant that addresses sampling
and aliasing, using a non-linear scene parameterization,
online distillation, and a novel distortion-based regularizer
to overcome the challenges presented by unbounded scenes
(both in speed and performance). Instant-NGP [6], employs
a smaller input encoding network. This network is enhanced
by a multiresolution hash table of trainable feature vectors,
whose values are optimized through Stochastic Gradient
Descent (SDG). Instant-NGP uses Neural Radiance Caching,
which consists of running the MLP independently for each
pixel, where feature buffers can be treated as per-pixel
feature vectors that contain the 3-D coordinate as well as
additional features, therefore applying the multiresolution
hash encoding while treating all additional features as
auxiliary encoded dimensions to be concatenated with the
encoded position. The multiresolution structure allows the
network to disambiguate hash collisions. This approach
is easier to parallelize on modern Graphic Processing
Units (GPUs), achieving the same training performance in
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5 minutes while NeRFs require several hours to process the
same scene. Zip-NeRF [27] integrates the general framework
of Mip-NeRF360 with the featurization method of instant-
NGP. Similar to Mip-NeRF, Zip-NeRF assumes each pixel
corresponds to a cone. For a given interval along the ray,
it constructs a set of multisamples to approximate the shape of
the conical frustum. Additionally, it introduces an alternative
loss function that, unlike Mip-NeRF 360’s interlevel loss,
is continuous and smooth with respect to the distance along
the ray, thereby preventing z-aliasing. In addition to these
challenges, NeRF-like architectures are designed to overfit
a specific scene, therefore one entire network is necessary to
reconstruct a single scene. This means that nor patterns nor
distillation can be done with these networks, as these learn
space-dependent (thus, scene-dependent) features.

Similarly to NeRFs, 3-D Gaussian Splatting (3DGS) [28]
can reconstruct realistic views using oriented gaussians as
a distinct mechanism (instead of rays) in order to represent
the space volumetry with optimized details (non-uniform
projections). Also, it is optimizing anisotropic covariance to
achieve an accurate representation of the scene. While NeRFs
are able to render point samples from the underlying data,
point sample rendering suffers from holes, causes aliasing,
and is strictly discontinuous. 3DGS addresses these issues
by “splatting” point primitives with an extent larger than
a pixel [29] as gaussians, e.g., circular or elliptic discs,
ellipsoids, or surfels [30], [31], [32]. This algorithm is known
to remain a good trade-off between training speed and quality.

Considering the vast amount of monocular image data
being captured and shared online and the potency of
deep learning with GPU parallelization, NeRFs and 3DGS
algorithms are currently in a peak of research interest
[33], [34] as have shown to perform with impressive results
in distinct areas from automotive, robotics, manufacturing,
architecture, marketing, and entertainment industries.

B. LARGE SCALE 3-D RECONSTRUCTION

Several 3-D reconstruction methods for large scale out-
door and indoor environments utilize NeRFs for the 3-D
representation of the Digital Twins for smart cities and
tourism. The following several works of recent state-of-the-
art literature concerning 3-D reconstruction using Neural
Radiance Fields for large scale scenes and environments
are indicated. To begin with, method Inf-NeRF [21] is
working with core a LoD structure using octrees where
each node represents a specific cubic space of the scene,
known as the node’s Axis-Aligned Bounding Box (AABB).
It is being executed efficiently in NVIDIA 3090 RTX by
training a Inf-NeRF MLP focused on a large scale scene
on platform of Nerfstudio. Method SMERF [35] utilizes
distillation network teacher-student model by training MLP
NeRF partitions of a respective large scale 3-D reconstruction
NeRF representation. In same manner, Block-NeRF [36]
utilizes large-scale scenes spanning multiple blocks that
can be optimized independently. At such a scale, the
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data collected will necessarily have transient objects and
variations in appearance for scaling the rendering of the
NeRF 3-D scene. It should be noted that Mega-NeRF [37]
introduces a sparse and spatially aware network structure
along with a simple geometric clustering algorithm that
partitions training pixels into different NeRF submodules
which can be trained in parallel. A NeRF with learnable scene
decomposition presented in publication Switch-NeRF [38]
achieves both high-fidelity scene reconstruction and efficient
computation. A compact multi-resolution ground feature
plane representation to coarsely capture the scene, and
complement it with positional encoding inputs through
another NeRF branch for rendering in a joint learning fashion
is described in Grid-NeRF [22] running in GP-GPUs for effi-
cient performance. Finally, applying the alternating direction
method of multipliers (ADMM) to achieve consensus among
camera poses while maintaining parallel tile optimization, the
ScaNeRF [39] partition scenes into tiles. Each with a multi-
resolution hash feature grid and shallow chained diffuse and
specular multi-layer perceptrons (MLPs) and decomposes the
appearance with the specular MLP allowing a specular-aware
warping loss to provide a second optimization path for camera
poses.

lll. PROPOSED METHOD

Inf-NeRF [21] is selected to be deployed in experimental
evaluation for current task of large scale 3-D reconstruction
methodology. This method employs a LoD tree to divide the
scene in space and scale into cubes, which are reconstructed
using many NeRFs. During rendering, Inf-NeRF includes
selection retrieval of a minimal subset of nodes, significantly
reducing memory requirements and I/O time for parameter
retrieval from disk or cloud storage and also reducing
aliasing artifacts. As Inf-NeRF is the indicated method for
this task, baseline Nerfacto [20] and other large scale 3-D
reconstruction methods as Grid-NeRF [22] and a proposed
one accompanied with evaluated novel loss function are
included in complementary comparison described as follows
in Section III.

Method Inf-NeRF [21] can significantly improve both
its efficiency and accuracy by concentrating computational
effort on high-detail or high-error areas, implementing the
adaptive sampling in octrees. To this end, a step-by-step plan
tailored for adaptive sampling in Inf-NeRF’s octree structure
is proposed. The aim is to use adaptive sampling to selectively
refine or subdivide the octree where the scene complexity,
rendering error, or ray contribution is high — and sample less
where the scene is simpler or well-approximated. Proposed
method’s novelty is approached on qualitative process of
detailed space definition aiming to improve the grid size
by subdivision. More specifically, defining the variance
and gradient scores of density parameter and training the
Inf-NeRF MLP using the proposed loss function that includes
the additional parameter Lg.,s discussing also the case to
connection to prior density regularizer, the qualitative and
quantitative performance aim to to be sufficient for more
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subdivided octrees. Covering the issue of insufficiency to
translate grid features of complex scenes (i.e., Grid-NeRF)
which results to inaccurate geometry and missing large
amount of scene details or maintaining the octree size (i.e,
Inf-NeRF). More specifically, an adaptive sampling pipeline
for Inf-NeRF’s ctree is developed. Firstly, defining refine-
ment criteria, this stage includes chosen metrics to decide
where to sample more densely: the gradient of the radiance
field density indicates the large changes implying high detail
(e.g. object edges). Secondly, a score for each octree node
derived for each octree node (voxel) accumulating metrics
such as absolute value of mean gradient (i.e., |V(o)|) and
variance of density. Adding the ¢; [40], [41] of these
accumulated scores and filtered with an exponential decay in
a window during training, a novel density loss for evaluation
stage is defined. This sampling density loss is fused with the
distortion loss, regularization loss and transparency loss with
efficient weights with the rgb loss constituting the total loss
function as described by the following equations:

Liotar = LRGB + W1 * Laistorr + W2 * Lyeg
+ w3 * Lypans + W4 * Leens ()

where Lg,,s noted as follows:

Liens = €1(exp(V(0))) + Li(exp(var(0))) @)

which uniformly samples points within the AABB and uses
£1 loss function to encourage their density to approach 0.

A prior density regularizer is also proposed aiming
to exponential/logarithmic softening of large gradient and
variance density (o) scores. To this end, the following
Gaussian regularizer is proposed by replacing the L ;s term
of the total loss function with a L, of density sampling points
subtracted by (s ):

Leens = €2(0 — lg) 3)
where the wy fusion total loss parameter noted as follows:
1
e “

that indicates smaller w4 parameter values for stronger regu-
larization instead of larger w4 values which achieves weaker
regularization of the adaptive sampling-based refinement.
The photorealistic representation of NeRF’s mesh/pointcloud
that colour and density parameters both are without uncertain
sampling of scene details and filter outliers, artifacts and
noise.

IV. EXPERIMENTAL EVALUATION

Firstly, COLMAP [42] features describing the extrinsic
and intrinsic camera parameters, are extracted for each
one of the dataset images. Experiments are executed into
Nerfstudio [43] software environment or in explicitly created
python environment using 2 GP-GPUs Nvidia RTX 3090 on
Linux operating system ensuring its reproducibility and
verification.
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TABLE 1. Configuration Training Parameters.

Nerfacto | Inf-NeRF | Proposed
1, 0.001 0.0001 0.01
patch-size 1 1 1

num-rays-per-batch 4096 4096 4096
eval-num-rays-per-batch 4096 16384 16384
train-num-per-batch 4096 65536 65536
distortion-loss-mult 0.002 0.002 0.002

prop-interlevel-loss-mult 1.0 1.0 0.01
transparency-loss-mult - 0.001 0.001
density-loss-mult - - 0.002

Defining the training parameters (e.g. Table 1), a com-
parative study is conducted between large scale 3-D recon-
struction methods Inf-NeRF [21] and Grid-NeRF [22] with
the small scale 3-D reconstruction method nerfacto [20]
as well as the proposed one, for comparison purposes.
These methods are trained after parameter fine-tunning on
input arguments. The study is conducted in the following
datasets including several large scale cases such as indoor
environment (FactoryDT-dataset-vl) and outdoor scenes
(i.e., VNG-real-dataset-v2 [44], Residence [45], VNG-real-
dataset-v1).

¢ VNGe-real-dataset-vl: The VNG dataset contains real-
world outdoor scenes from Vilanova, Barcelona, cap-
tured by a car equipped with a sparse 16-line LiDAR
and four fisheye cameras. This dataset is considerably
more challenging than the KITTI360 [46] benchmark
due to several factors: a large part of the camera’s view
is obstructed by the car, the recordings exhibit rolling
shutter effects, and the camera annotations are partly
inaccurate because they rely on poor GPS data.

o VNG-real-dataset-v2 [44]: The VNG-real-dataset-v2
includes around 70 short video clips, divided into
three recording sessions with time duration 1 hour
and 45 minutes obtained a new multi-sensor dataset
and a surround-view system, LiDAR, and odometry,
captured by SMPx Basler camera. This camera uses
a higher-resolution sensor with a lower field of view
(FOV) and a global shutter. This enables higher quality
with less fisheye distortion and movement distortion.
While these images are not representative of the
technologies implemented in current private cars, they
allow us to validate the reconstruction algorithms in an
ideal scenario, without being limited by the cameras.

o FactoryDT-dataset-vl  (FactoryDT): Using the
autonomous mobile robot of IW, (i.e., the iw.hub),
different datasets were gathered in an industrial
environment. The datasets were collected over multiple
runs of the iw.hub, also reflecting real-world scenarios
that the robot is exposed to. The iw.hub is equipped with
an onboard camera, the LIPSedge AE400 3-D Stereo
Camera, and 2 LiDARs. Images are captured through
the iw.hub’s Stereo camera, and the robot localization
relies on indoor LiDAR-based positioning. The ground
truth odometry provided in the dataset is the output of the
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TABLE 2. Comparative study of large scale 3-D reconstruction (best performed metric in bold compared to Inf-NeRF and Nerfacto).

VNG-real-dataset-v2 [44] | FactoryDT-dataset-vl | VNG-real-dataset-vl | Residence [45]
Inf-NeRF Proposed Inf-NeRF | Proposed nerfacto nerfacto

mean DISTS | 0.105 0.109 0.143 0.149 0.256 0.464
mean LPIPS | 0.353 0.358 0.431 0.440 0.623 0.722
mean MSGMSD index 1 0.083 0.085 0.132 0.126 0.249 0.277
mean VSI index 1 0.989 0.988 0.968 0.970 0.893 0.810
mean GMSD index 1 0.092 0.093 0.135 0.130 0.243 0.270
mean MSSSIM index 1 0.925 0.920 0.885 0.898 0.446 0.080
mean SSIM index 1 0.909 0.904 0.865 0.879 0.375 0.064
mean PSNR index 1 29.33 29.03 24.377 2491 15.59 10.70

TABLE 3. Comparative study of large scale 3-D reconstruction (best performed metric in bold).

VNG-real-dataset-v2 [44] FactoryDT-dataset-v1
TPSNR | 7 SSIM | J LPIPS | 1 PSNR | 1 SSIM | | LPIPS

nerfacto [20] 29.364 0.838 0.396 24.566 0.838 0.284

Inf-NeRF [21] 29.334 0.909 0.353 24.377 0.865 0.431

Grid-NeRF [22] | 26.159 0.652 0.263 23.695 0.824 0.298

Proposed 29.037 0.846 0.358 24.382 0.824 0.431

TABLE 4. Computation complexity for NeRF training.
memory footprint
Time iterations | GPU memory (num_rays_per_sec) voxel/octree size | FLOPs
VNG-real-dataset-v2 [44] | FactoryDT-dataset-v1

nerfacto [20] ~20min 30k ~6GB 104884 608723 2048/- 2.3x1016
Inf-NeRF [21] ~9h:15min 10k ~38GB 259420 252976 2048/4681 2.1x1016
Grid-NeRF [22] | ~14h:30min 120k ~36GB 67108864 67108864 2048/3072 2.4x1016
Proposed ~12h:19min 10k ~37GB 151274 252976 2048/4681 2.1x10'6

navigation module running on the iw.hub in production.
Camera frames and robot poses are synchronized before
being recorded to generate the FactoryDT-dataset-v1
dataset.

Quantitative comparison Table 2, 3 includes the perfor-
mance evaluation of Inf-NeRF, Grid-NeRF and Nerfacto 3-D
model renderings from several view points measuring several
quality metrics. It includes metrics such as mean PSNR,
mean SSIM, mean LPIPS, mean DISTS, mean MSGMSD,
mean VSI index, mean GMSD index, mean MSSIM index
presented in Table 2. In Table 4, the computation complexity
in terms of time and respective iterations for training, memory
footprint, GPU utilization, voxel/octree size, and FLOPs per
iteration are noted.

Considering an ablation study to compare proposed
method’s efficiency, Table 5 shows the case that Ly, loss
function term is omitted. The proposed method’s PSNR
outperforms in adequate cases (Table 3) as well as the ablation
study (Loss Function Term: Lg.,s) shows that the proposed
method works efficiently while it presents computational
complexity advantage (GPU memory, memory footprint,
FLOPs) compared to Inf-NeRF (baseline) and Grid-NeRF,
alternatively including faster Nerfacto training.
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V. DISCUSSION

Section V approaches new insights of scalability in NeRF’s
3-D reconstruction methodologies discussing comparison
issues and limitations.

A. COMPARISON ISSUES

Regarding the comparative results in Table 3, the Inf-NeRF
method outperforms the other two large scale methods
indicating that is the baseline method. The baseline large
scale Inf-Nerf outperforms the other large scale methods
(Grid-NeRF, proposed) in PSNR and SSIM metrics in VNG-
real-dataset-v2 [44] and in SSIM metric in FactoryDT-
dataset-vl. The best performed method in terms of PSNR
in FactoryDT-dataset-v1 is the proposed one. Regarding the
secondary error-based metric, namely the Learned Perceptual
Image Patch Similarity (LPIPS) [47], it computes the distance
between feature representations of a pre-defined network on
multiple levels and is known to match human perception well.
Alow LPIPS score means that image patches are perceptually
similar between ground truth view and a distorted rendered
one. To this end, creating NeRFs for large scale scenes,
term scalability causes distortion artifacts as shows LPIPS.
It should be noted that nerfacto (Table 3) performance
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TABLE 5. Failure case analysis: Loss function terms ablation study.

Loss Function Terms

Ldistort Lreg

Ltrans Ldens

v v v v

v v v v

impacts increased evaluation metrics (i.e., LPIPS, PSNR)
because its NeRF’s structure (point cloud / mesh) does not
constitute from blocks with large dimensions instead of a lot
discriminative separated blocks with enriched details offered
by the resolution of grid/LoD octrees architecture.

The proposed adaptive-sampling-based approach achieves
to improve robustness to noise, scale and sensitivity to
distortions. Achieving the proposed method motivation, the
following issues have been handled: a) Efficient handling of
fine grained detail in large scenes is achieved in distorted
regions (poor LPIPs performance Table 2), b) efficient
sampling in informative regions refers to the loss function
additional parameter which is computed in accumulated
buffer of sequential octree leafs. c) sufficient density based
refinement as proposed method PSNR outperforms (Table 1 -
best performed metric in bold) and due to poor performance
of LPIPS (Table 2 -best performed metric in bold).

Computational complexity (Table 4) presents limited cost
of the proposed method in terms of time while maintain-
ing the number of iterations fact that proves reasonable
performance (i.e., training time € [9h, 12h]). In addition,
Figures 4, 5 present the training loss convergence until
10k iterations. While maintaining the voxel size, proposed
method presents improvement over current octree subdivision
approaches as shown in Table 4. The octree size (i.e.,
current metric of octree subdivision) is constant compared
to baseline (i.e., Inf-NeRF) and is increased compared to
Grid-NeRF. This limited advantage follows intermediate but
adequate GPU memory, memory footprint and most efficient
number of FLOPs. Finally, the qualitative results in Figures 2,
3 includes proposed method rendering views as well as
COLMAP representations in the Nerfstudio environment for
the datasets.

B. LIMITATIONS

Limited GP-GPUs hardware resources inevitably obstruct
the NeRF’s MLP training and mesh/pointcloud extraction.
Only 2 GP-GPUs NVIDIA RTX 3090 are used for the
presented comparative study. The number of training input
images confirm the reduced memory footprint without
pruning the weights or MLP layers or using other lightweight
model versions.

The training input parameter fine-tuning is also dif-
ferentiate the qualitative and quantitative NeRF’s results.
The scale and front/back boundaries determination also
reduce the outliers and noise on rendered NeRF. Without
loosing the applicable generalizability across different
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Performance Evaluation
PSNR 1 | SSIM T | LPIPS |
29.334 0.909 0.353
29.037 0.846 0.358
30 T T .
* S e
29 2\ Grig-NeRF | 7
Proposed
28t
w77
%
&6t L
25
*
“I A
23 : L . : )
0 2 4 6 8 10 12
Training lterations x10*

FIGURE 1. What are Proposed Method’s Tradeoffs?.

FIGURE 2. Qualitative performance: Inf-NeRF rendering views/ COLMAP
from “VNG-real-dataset-v2” dataset in the nerfstudio.

environment digital representations, NeRFs present adequate
and convincing quality performance (Table 2).

C. NEW INSIGHTS

This comparison study offers new insights on large scale
3-D reconstruction concluded in the following issues:
i) scalability in terms of scaled space dimensions could
be achieved sufficiently even though using limited compu-
tational GP-GPUs resources. Robustness to scale presents
adequate and sufficient outperformance, ii) the large number
of training data (input images) could be confronted by using
multitasking parallel programming architectures, iii) using
octrees to discriminate the space in grid of volumes leverages
scene complexity, rendering error and ray contribution with
efficient manipulation of NeRF’s density term, iv) noise and
outliers could be reduced by density sampling in parts with
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FIGURE 3. Qualitative performance: Inf-NeRF rendering views/ COLMAP
from “FactoryDT-dataset-v1” dataset in nerfstudio.

Train Loss n o :
0.008
0.0075
0.007
0.0065
0 2000 4000 6000  BOOO 10k

A

FIGURE 4. Training Loss in “FactoryDT-dataset-v1” dataset during
Inf-NeRF MLP training.

Train Loss Dict/rgh_loss 2 o3
0.0025
0.002
0.0015
0.001
5
0 2000 4000 6000  BO00 10K

A

FIGURE 5. Training RGB Loss in “FactoryDT-dataset-v1” dataset during
Inf-NeRF MLP training.

high details as PSNR outperformance indicates compared to
baseline Inf-NeRF and Nerfacto methods in adequate cases,
v) Tradeoffs that are being approached by the adaptive-
sampling-based proposed method are robustness to noise,
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scale and sensitivity to distortions. More specifically, these
could be discussed in sensitivity and specificity of best results
that validate robustness to noise artifacts in rendering process
as PSNR shows photorealism of 3-D models, good fidelity
and perceptual realism (see Figure 1).

VI. CONCLUSION

In this paper, the large scale 3-D construction methods
Inf-NeRF, Grid-NeRF and the small scale Nerfacto are
deployed for comparison purposes with a proposed one
which is based to Inf-NeRF method exploiting a novel
loss function. The experimental performance evaluation and
failure case analysis by ablation studies were presented,
prove that the proposed approach outperforms the other
large scale methods in limited cases but offering adequate
training time. Efficient sampling only in informative regions
is noted due to the loss function additional parameter that is
computed in accumulated buffer of sequential octree leafs and
sufficient density based refinement achieved in limited cases.
Future work might include deployment in larger GP-GPUs
equipment integrating the adaptive sampling strategy into the
Inf-NeRF technique measuring the performance advantage.
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