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Abstract
Context: The generation of 3D representations with Neural Ra-
diance Fields (NeRFs) has revolutionized areas like virtual reality
and space visualization, but video capture for these models lacks
a systematic approach. Problem: Video capture for NeRFs is still
based on trial and error, with few well-defined parameters, leading
to inefficiencies, rework, and increased training times. This process
is particularly challenging in indoor environments, where varia-
tions such as lighting and camera angles significantly impact the
final quality of the reconstructions. Solution: This paper proposes
a systematic approach to optimize video capture, evaluating pa-
rameters such as lighting, camera zoom, camera path, and height
while presenting metrics to reduce visual artifacts. Information
Systems Theory: The research is based on the Task-Technology Fit
(TTF) Theory, which explores how technology should be adjusted
to the specific needs of tasks, aiming to optimize video capture
to enhance the quality of the generated models.Method: The re-
search follows an experimental approach, using the Nerfstudio tool
to test various parameters in a dataset of 48 videos. The analysis is
quantitative, evaluating reconstruction quality metrics. Summary
of Results: Lighting significantly impacts the quality of recon-
structions, while changes in capture angles adversely affect the
results. Contributions and Impact in the IS field: The research
contributes a methodology to optimize video capture in NeRFs,
driving technological advancements.

CCS Concepts
• Information systems→ Computing platforms; • Computing
methodologies→ Reconstruction; Neural networks.
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1 Introduction
In the early stages of Neural Radiance Fields (NeRFs), the initial
work faced the challenge of surpassing deep convolutional network
training to predict sampled volumetric representations [23]. These
advances have led NeRFs to evolve significantly since then, resulting
in near-realistic images. The most impressive aspect contributing
to NeRF popularization is that data captured by reasonably low-
quality devices, such as smartphones, is sufficient to reproduce
objects from indoor and outdoor scenes [21] [3].

NeRF technology has revolutionized the creation of 3-D object
representations from photos and videos, a task previously done us-
ing photogrammetry, which reconstructs 3-D structures by match-
ing visual features across images [11]. Since its introduction, NeRF
has quickly advanced, with models being refined over the past two
years to enhance quality and performance.

Despite improvements in generative models, quality, and effi-
ciency , most research has focused on optimizing volumetric repre-
sentations [17], real-time rendering [15] [25], and increasing image
resolution [3]. However, exploring parameterization in video and
image capture, including factors like image quality, lighting, camera
orientation, and recording time, remains underexplored. Video cap-
ture for NeRF applications faces challenges like low-quality images,
blur, and recording instabilities, which can significantly degrade
the quality of recorded videos and the resulting reconstructed 3-D
scenes.

This paper addresses this research gap based on Task-Technology
Fit (TTF) Theory [20] by introducing routines for producing high-
quality videos and enhancing NeRF-generated models. We propose
specific settings for lighting, camera zoom, capture duration, path,
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orientation, and height. Parameterization techniques and standard-
ized recording methods are introduced to maximize video quality,
adjusting technology to meet consistency and artifact reduction
needs. Since many NeRF users still rely on trial and error to create
indoor scenes, this research is relevant in reducing rework, training
time, and resource consumption, thereby advancing the field.

Among the main results, we found that, regarding the reconstruc-
tion quality, illumination was the parameter with more difference
comparing the setups tested. We also found that big changes in
shooting angles during filming negatively impacted the final result.

The main contributions of the paper are (i) a list of parameters
tested using Nerfstudio, (ii) a dataset comprising 48 videos with
their respective Nerfstudio data, ≈ 250 GB, (iii) a Jupyter Notebook
with the code to compute the evaluated metrics and replication
package [2], and (iv) a set of guidelines describing how to guide
users to create better indoor scenes.

2 Theoretical Framework
2.1 Technology-Task Fit (TTF)
The Task-Technology Fit (TTF) model, developed by Goodhue [9],
was created to understand how technology can effectively support
tasks. The core concept of TTF is that the successful adoption of
a technology depends on how well its characteristics align with
the task’s requirements.In a later work, Goodhue and Thompson
[10] present a more general view, where the factors guiding the
understanding of fit are solely the characteristics of the task and
the technology itself [1]. In this context, the success of technology
adoption relies on aligning these characteristics without necessarily
involving the user as the main determinant.

TTF motivates this work by investigating how the technology
can be adjusted to achieve the desired results, examining how
changes in configuration and recording parameters affect the qual-
ity of 3D reconstruction with NeRFs.

2.2 Neural Radiance Fields (NeRF)
Neural Radiance Fields (NeRF) emerged in 2020 as an innovative
approach to computer vision for synthesizing new visualizations
of complex scenes. NeRF represents the scene as a continuous
volumetric function that generates color and density at any point in
space. This function receives a 5D input, consisting of a 3-D spatial
location (𝑥,𝑦, 𝑧) and a 2-D viewing direction (𝜃, 𝜙) [23].

The central idea behind NeRF is to use a fully connected deep
neural network to model this 5D function. The network is trained
to predict volumetric density and view-dependent emitted radi-
ance for any spatial location, enabling the generation of realistic
visualizations from different viewpoints while maintaining precise
details of lighting and geometry. Neural networks , in turn, are com-
putational models inspired by the workings of the human brain,
designed to recognize patterns and learn from data. They consist
of layers of units called neurons, which are interconnected. Each
neuron receives information, processes it, and passes the result to
neurons in the next layer. The network learns by adjusting these
connections through multiple iterations to make the generated
outputs more accurate over time.

2.3 Nerfstudio and Nerfacto
Nerfstudio is an open-source framework designed to create, train,
and evaluate various NeRF models[30]. Developed with a modular
architecture, it enables flexible experimentation with different NeRF
configurations. This modularity was key to the development of the
Nerfacto model, which integrates concepts from several research
articles [4] [32] [24] [21]. Combining different approaches into
a single model significantly contributes to its effectiveness and
performance, positioning it as one of the leading NeRF models.

3 Related Work
The first work on NeRF (NeRF: Representing Scenes as Neural Radi-
ance Fields for View Synthesis) had to overcome various challenges,
given that previous works had already delivered impressive results.
To achieve this, they aimed to directly optimize the parameters
of a continuous 5D representation of the scene, minimizing the
rendering error of a set of captured images [22].

A major challenge in using NeRF is handling blur, which of-
ten occurs when capturing multiple images from various angles
to achieve high-quality results [23] [21]. Even when images are
correctly captured and calibrated, blurriness, such as out-of-focus
blurring in parts of the image due to big depth variations in the
scene while using a large aperture, can lead to artifacts. These arti-
facts ultimately reduce the quality of the NeRF-generated images.

Previous research has addressed image blurring in NeRF models.
NeRF-W [21] handles changes in lighting and moving objects, while
Mip-NeRF [3] improves NeRF performance with inputs at different
scales. Deblur-NeRF [19] specifically tackles training NeRF from
blurry images by using neural networks to reconstruct radiance
fields, enhancing the quality of generated views despite defocus or
motion blur.

In addition to addressing blur, research has explored enhanc-
ing NeRF output by combining segmentation techniques to im-
prove visualization accuracy and consistency [18]. NeRF On-the-go
uses uncertainty predictions to filter unnecessary scene elements,
producing cleaner view synthesis [26]. Lightning NeRF improves
computational efficiency and reconstruction quality, particularly in
autonomous driving scenarios, enhancing training and rendering
speed [6].

On the other hand, approaches like NeRF-VPT introduce visual
prompt tuning, which uses prior RGB information to optimize the
rendering of new views [7]. The parameterization of NeRFs from
3D point clouds has also been explored, proposing methods such
as using KNN algorithms to improve the accuracy of 3D object
representation [35].

Several studies have focused on improving NeRF models to en-
hance 3D representation quality. [16] worked on view synthesis
from a single image by combining global and local features for
better reconstruction. [8] introduced Re: NeRF to reduce storage for
voxelized models while maintaining performance. [13] used event
data to reconstruct images in conditions with high variation and
noise, showing NeRF’s effectiveness in difficult contexts. [14] de-
veloped CG-NeRF to generate multi-view images from multimodal
conditions, resolving pose inconsistencies while ensuring consis-
tent quality. These studies highlight NeRF’s continuous evolution
and growing applications.
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Table 1: Video shooting parameters.

Parameter Options

Environment
Scene Indoor

Cellphone
Orientation Vertical Horizontal

Duration 30s 60s 120s
Illumination Artificial Natural

Shooting Angle Normal Normal-Ceil
Floor-Normal Floor-Ceil

As we can observe, NeRF has been an important research topic
in recent years due to the range of applications that can be explored
with this technique. Despite these advancements and academic
efforts, we found a research gap in understanding how the input
parameters for NeRF videos might directly impact the quality of the
generated scenes, the amount of manual rework, and the computa-
tional cost of reprocessing different versions of captured videos.

4 Experimental Setup
4.1 Aim and Research Questions
Neural radiance fields (NeRF) are being used to reconstruct tridi-
mensional objects and scenes directly from videos or sets of images.
Since the original paper was released [23], many improvements in
the technique have been made [3–5]. This paper aims to draw guide-
lines for making indoor scene videos used by NeRFs by comparing
the video recording parameters.

We evaluate different camera positions, illumination, video dura-
tion, and shooting angle configurations. Themain research question
investigated in this work is: to what extent do the parameters of
a video influence the quality of the final scene reconstructed by a
NeRF algorithm? It is worth mentioning that, in this paper, we only
investigated indoor scenes, leaving the outdoor scenes as future
work.

Since many different models and applications use various types
of NeRFs, this work used Nerfstudio’s Nefacto model to reconstruct
the scenes and to evaluate the metrics for each one of them.

4.2 Dataset Construction
Using an iPhone 13 with image stabilization and 0.5x zoom to
capture most of the scene, the dataset consists of 48 recordings
considering the list of parameters in Table 1. These parameters
were analyzed to determine their impact on reconstruction quality.
The last row of Table 1 can be visualized with Figure 1, where the
cube represents an imaginary object, with the camera trajectory
shown in red. For the Normal-Ceiling parameter, the camera follows
two circular paths: one near the object’s middle and the other near
the ceiling.

The replication package [2] provides practical examples of the
capture formats. Since NeRFs work well for centered objects, the
videos were shot walking around an imaginary object for the scenes,
which showed good early results. The reconstruction of the floor

and ceiling was not good when recording with the camera at the
center of the scene and turning around the camera axis.

Nerfstudio works with plenty of possible inputs, such as videos,
sets of images, etc. When using videos, it extracts their frames
and selects nearly 300 frames by default. Figure 2 shows some
examples of frames extracted from one of the 48 videos recorded
in the indoor environment that we used in this work. But what
should be done when the video has blurred frames? It is known
that blurred images negatively affect the results of tridimensional
reconstruction[19]. So, for every video, to make a better selection of
frames, the frames were extracted early and, for each one of them,
it was computed the laplacian [27] as seen in Eq. (1), a metric used
to measure blur in images since the higher the details of an image,
the higher its laplacian. The laplacians were computed from the
grayscale conversion of the frames.

𝐿 =


0 1 0
1 −4 1
0 1 0

 (1)

The initial goal for the number of selected frames was also 300.
So, for every video, the extracted frames were separated into ap-
proximately 300 windows of images. The image with the highest
laplacian within a window is selected to compose the final dataset
for that video. Thus, when the windows cover a short period, there
is not much structural difference between frames, making the frame
with the biggest laplacian the least blurred one.

4.3 Evaluation Metrics
Since the datasets were created using the laplacian of the images
to select them, the values of this metric were computed for every
selected image to include them in the comparison. They can show
how blurry or low-detailed an image dataset is.

Another metric comes from the COLMAP[28, 29] use. COLMAP
is a software that uses Structure-from-Motion (SfM) to detect and
match features between images and also uses Multi-View Stereo
(MVS) to generate 3D cloud points which may be used as initial
3D models for Nerfstudio’s models. The input data must be pre-
processed before being used for the model itself. Nerfstudio uses
COLMAP to find the camera poses of the dataset images. However,
the COLMAP results are not always the same, i.e., they are a bit
random. Sometimes, COLMAP finds most of the poses in the first
camera model, but when it does not, it may find them in subse-
quent models. This work used the camera model with the largest
percentage of poses found. Considering this, the datasets were pre-
processed ten times initially to compute the average number of
found poses from the best camera model suggested by COLMAP to
find correlations with the video content.

During the model training, RAM and GPU memories were com-
puted for COLMAP and Nerfacto, along with the time to complete
these steps.1

Besides these metrics, three more metrics included in Nerfstu-
dio’s evaluation, which are also used in other works[12], were used
in this work: PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural

1The experiments ran on a personal computer with processor AMD Ryzen 7 with
16GB RAM, GeForce RTX3070ti GPU with 8GB VRAM, Graphics’ Driver Nvidia SMI
550.54.15, Cuda Toolkit 11.8 and Linux distribution Ubuntu 22.04 LTS. In addition, it
used Nerfstudio 1.1.4.
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(a) Normal. (b) Normal-Ceiling. (c) Floor-Normal. (d) Floor-Ceiling.

Figure 1: Video shooting angles. Taken camera trajectories (in strong red) and not taken ones (in weak red). Scene imaginary
object (in black).

Figure 2: Images of frames extracted from the videos of the constructed dataset.

Similarity Index), and LPIPS (Learned Perceptual Image Patch Sim-
ilarity), where each is calculated in a smaller set of images of the
initial dataset. PSNR is a traditional signal fidelity measurement in
Eq. (2).

𝑃𝑆𝑁𝑅 = 10 log10

(
𝑀𝐴𝑋 2

𝐼

𝑀𝑆𝐸

)
, (2)

where 𝑀𝐴𝑋𝐼 is the maximum possible pixel value of the image
and𝑀𝑆𝐸 is the mean squared error among all the image pixels[33].
Higher values mean better results for PSNR. SSIM is a metric com-
puted on the luminance, contrast, and structure features of the
actual and the predicted images as seen in Eq. (3)[31].

𝑆𝑆𝐼𝑀 (𝑖𝑎, 𝑖𝑝 ) =
(2𝜇𝑖𝑎 𝜇𝑖𝑝 + 𝑐1) (2𝜎𝑖𝑎𝑖𝑝 + 𝑐2)

(𝜇2
𝑖𝑎
+ 𝜇2

𝑖𝑝
+ 𝑐1) (𝜎2𝑖𝑎 + 𝜎2

𝑖𝑝
+ 𝑐2)

, (3)

where 𝑖𝑎 and 𝑖𝑝 are the actual and predicted images, respectively,
𝑐1 and 𝑐2 are small stabilization constants, and 𝜇 · , 𝜎· , and 𝜎𝑖𝑎𝑖𝑝 are
mean, variance and covariance between the images. SSIM ranges
from 0 to 1, and higher values mean better results. LPIPS means
Learned Perceptual Image Patch Similarity, a method that uses
neural networks to compute deep features across different architec-
tures and tasks, getting closer to a human perceptual similarity[34].
LPIPS ranges from 0 to 1, but smaller values mean better results.

4.4 Replication package
The research dataset, Jupyter Notebook, with metrics computation
and data analysis, and scripts used in this paper are available in the
replication package [2].

5 Results
5.1 COLMAP and Nerfacto Setup
COLMAP step was run inside Nerfstudio using default parameters
for the version used with a few modifications:

(1) Since Nerfstudio uses the first camera model suggested by
COLMAP, the camera intrinsics refinement should not be
done if it is not the best one. Because of that, they were not
refined until the best camera model was found.

(2) The matching method was exhaustive since it finds more
matches between the frames, comparing them with each
other.

As previously mentioned, COLMAP did not deliver the same results
deterministically. To reduce the likelihood of errors, it was run
three times until it had found all the poses for at least one camera
model. An unsuccessful COLMAP step was considered when it did
not find all the poses on any of the three tries.

The Nerfacto setup took the same approach as COLMAP: mostly
using the default configuration, apart from a few parameters irrele-
vant to the reconstruction quality. The checkpoints of the network
were saved every ten thousand steps up to one hundred thousand
steps to analyze if there is a trade-off between time and quality.

5.2 Pilot Study
5.2.1 COLMAP frequency of finding all poses. The first result is the
average number of poses found by COLMAP, shown in the bar plot
in Figure 3. A threshold of 100% was chosen to graphically divide
the videos, which had all poses found on the early ten repetitions
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of COLMAP. This was made to show that only a few videos did not
have all poses found, but even for these ones, the percentage was
high.

In its abscissa, there are black and red tick labels. As mentioned
in Sec. 5.1, after the early repetition stage, COLMAP was applied
thrice to get a successful number of poses. So, the red ones mean it
was impossible to find all the poses when trying to apply COLMAP
three times after the early ten repetitions, but this does not mean
that COLMAP found a few poses. To show these three tries, in blue,
Figure 3 show the number of COLMAP repetitions for this step. In
Figure 3, the abscissa tick labels, the names of the video files in our
dataset, were shrunk to save space. The legend for these shrunk
names can be found in Table 2.

As expected, it is possible to see an increase in the number
of repetitions as the bar heights get smaller. But even with three
repetitions, COLMAP found all the poses only for one video that
passed by it thrice. This shows that a pilot study can tell if COLMAP
will be used more when providing information to companies to
decide the cost of processing based on the type of video. One can
tell that using COLMAP ten times will not compensate the choice
of using it three times. This can be solved by using the sequential
matcher during the pilot study, which reduces computation time.

It is important to register that choosing the COLMAP’s best
camera model resulted in a good percentage of found poses for all
the videos, which shows that this is a good practice that can save
computing time and resources for companies.

5.3 Reconstruction Results
After the COLMAP statistics stage, the experiment was run, and
the evaluation metrics mentioned in Sec. 4.3 were computed. They
are shown in Table 2.

During the pilot study, not all the tries done in COLMAP were
successful, where success is defined as 100% of poses found. The
frequency of success may be found in the second column of Table 2.
It was included to show the slight difference between itself and the
average number of found poses. Most of them have values close to
each other, but for a few, they are different since COLMAP found
many poses but did not find all of them. Because of that, the results
were ordered based on the average number of found poses, looking
for patterns in this COLMAP behavior as a possible consequence
of the input videos themselves.

5.3.1 Nerfacto’s Metrics. These metrics compare images predicted
by Nerfacto with images from the real data. Since the experiments
were run saving checkpoints every 10k iterations, it is possible to
show the evolution of these metrics graphically. They can be seen in
Figure 4, colored box-plot-based graphics. Each column represents
a video, and each row represents 10k of Nerfacto’s iterations. There
are color legends for them on the left of the plots.

There are columns where the values do not change considerably,
increasing the number of iterations. This shows it is possible to use
fewer iterations to achieve similar quality in the reconstruction,
which makes the process much faster and saves time and resources.

The values for SSIM and LPIPS are very good for most of the
videos. However, it is very interesting to analyze the parameters
of Table 2 separately. Table 3 shows the percentage values for
the videos analyzed separately for each parameter, considering

Nerfacto’s metrics and the average percentage of found poses in
the early ten repetitions stage.

Table 3 shows that for the average number of found poses for
COLMAP, there was not a significant difference for the results of
cellphone position and times parameters. For the angle parameter, the
worst was the floor-ceiling, and for the light, the best was the natural.
There are possible explanations for these results. The cellphone
position may only influence the field of view of the reconstruction:
filming vertically allows recording more of the environment with
few frames, making it more efficient for the processing step. Since
approximately 300 frames were extracted from each video, the
duration did not influence it, but it could be because recording a
scene with small videos may lead to making them faster, which can
make the videos more motion blurred. Natural illumination was
better, possibly because of the intensity of the light, resulting in
less noise when compared with artificial lighting. For the shooting
angle, the worst was floor-ceiling, which may have been caused by
not transitioning the cellphone/camera between different angles
as smoothly. This last one may also be caused by a decrease in the
overlapping frames since the turns are further away from each other
compared to the other angles, which may influence the descriptors
matching by COLMAP.

For the metrics SSIM and LPIPS, Table 3 shows that only three
parameters stand out: celphone position – vertical, light – natural
and angle – normal. Again, the shooting angle floor-ceiling had the
worst performance, indicating that abrupt transitions and lack of
frame overlapping may not favor the quality of the reconstruction.
It is also possible to induce that the more thoroughly the scene is
explored in the video, the better Nerfacto can reconstruct it. All
the other shooting angles performed well in the LPIPS metrics
lower than 0.15, but only normal ones performed well for LPIPS
lower than 0.125. This may show that with more views, the scene
gets more complex, making it harder for Nerfacto to reconstruct it,
trading off with a better generalization.

The last result is shown in Figure 5. The videos were ordered
based on the laplacians’ mean values to show reconstructions with
better PSNR for higher laplacian mean values. To mathematically
state that a linear regression was made considering the Laplacians
mean values and the maximum values of the PSNR of each video.
The result is in Figure 6. Even with high residuals and r-square too
low (0.24, probably because of two outliers), a relationship between
the laplacian and the PSNR can be noticed. This indicates that the
Laplacian operator can be used to show if the reconstruction will
be good or not somewhat confidently before the NeRF training is
finished, saving time and computation.

To summarize our findings, the parameters our work showed to
be the most important when recording videos for NeRF training
were lighting and shooting angle conditions. To obtain a better
quality of the reconstructed scene by Nerfacto, the filmed scene
has to be properly illuminated and the frames correctly selected
from the video in a way that COLMAP sees a good number of
different views for all the shooting angles because the more the
algorithm can see of the scene the better the reconstruction will be.
Additionally, the transition between the shooting angles must be
smooth, or frames must not be selected from transitions to avoid
motion blur.
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Table 2: Evaluation Metrics by Video.

Scene
Right

COLMAP
Frequency

COLMAP
Avg. Found

Poses

Number
of Frames

COLMAP
Repetitions

Time (min) RAM (Gb) VRAM (GiB) Laplacian Metrics
Max.

PSNR (dB)
Max.
SSIM

Min.
LPIPSCOLMAP Nerfacto COLMAP Nerfacto COLMAP Nerfacto Min Mean Max

i_h_30_n_fc 100.0 100.00 321 1 16.18 48.98 5.30 7.91 4.15 2.15 3.75 9.39 18.54 22.87 0.87 0.20
i_h_30_n_n 100.0 100.00 408 1 18.74 48.65 5.30 8.35 4.15 2.15 4.06 8.92 21.63 23.95 0.93 0.13
i_h_30_n_nc 100.0 100.00 418 1 14.35 48.31 5.42 8.54 4.15 2.15 5.00 9.69 24.61 26.55 0.95 0.13
i_h_60_a_fn 100.0 100.00 304 1 5.88 48.55 5.37 7.56 4.15 2.15 3.74 6.14 12.15 22.36 0.92 0.15
i_h_60_a_n 100.0 100.00 309 1 7.46 48.75 5.38 7.84 4.15 2.15 4.01 6.55 10.93 24.09 0.94 0.13
i_h_60_a_nc 100.0 100.00 369 1 6.21 48.66 5.41 8.23 4.15 2.15 3.47 6.08 12.68 23.74 0.94 0.14
i_h_60_n_fn 100.0 100.00 330 1 13.20 47.53 5.56 8.02 4.15 2.15 6.38 12.67 24.79 25.78 0.94 0.12
i_h_60_n_fc 100.0 100.00 319 1 8.22 48.00 5.50 7.95 4.15 2.15 4.53 9.54 21.76 24.26 0.93 0.14
i_h_60_n_n 100.0 100.00 306 1 10.58 48.22 5.52 7.78 4.15 2.15 4.65 10.00 23.61 25.94 0.94 0.12
i_h_60_n_nc 100.0 100.00 328 1 8.79 49.55 4.21 7.21 4.15 2.15 4.35 9.50 28.37 24.13 0.95 0.13
i_v_120_a_fn 100.0 100.00 307 1 4.85 50.59 4.25 7.16 4.15 2.15 3.56 6.11 18.04 25.53 0.94 0.13
i_v_120_n_fc 100.0 100.00 304 1 5.92 50.20 4.46 6.62 4.15 2.15 4.43 8.14 15.52 26.07 0.94 0.15
i_v_120_n_n 100.0 100.00 327 1 12.62 50.39 4.46 6.76 4.15 2.15 4.54 10.96 27.40 26.37 0.95 0.14
i_v_120_n_nc 100.0 100.00 326 1 9.41 49.92 4.63 6.92 4.15 2.15 5.15 10.49 22.22 27.50 0.95 0.14
i_v_30_a_fn 100.0 100.00 337 1 5.52 50.50 4.45 6.98 4.15 2.15 3.40 5.33 9.87 25.67 0.94 0.13
i_v_30_a_fc 100.0 100.00 327 1 4.39 50.40 4.56 6.82 4.15 2.15 3.14 5.80 11.40 25.99 0.93 0.14
i_v_30_a_n 100.0 100.00 343 1 10.54 50.41 4.61 6.97 4.15 2.15 3.90 6.19 12.92 26.23 0.95 0.10
i_v_30_a_nc 100.0 100.00 342 1 6.82 50.61 4.65 7.13 4.15 2.15 3.52 5.97 14.80 26.15 0.95 0.14
i_v_30_n_fn 100.0 100.00 413 1 11.89 50.61 4.54 7.51 4.15 2.15 3.60 7.11 20.97 26.78 0.94 0.14
i_v_30_n_fc 100.0 100.00 436 1 14.72 50.44 4.64 7.76 4.15 2.15 3.30 8.10 19.65 25.83 0.94 0.14
i_v_30_n_n 100.0 100.00 416 1 23.01 50.18 4.77 7.68 4.15 2.15 5.20 11.29 29.17 29.06 0.96 0.12
i_v_30_n_nc 100.0 100.00 382 1 13.92 50.25 5.06 7.32 4.15 2.15 5.53 10.29 27.85 28.36 0.96 0.13
i_v_60_a_fc 100.0 100.00 325 1 4.54 50.51 4.76 7.06 4.15 2.15 3.83 6.02 11.44 25.48 0.95 0.13
i_v_60_a_n 100.0 100.00 353 1 6.43 50.59 4.73 7.20 4.15 2.15 2.65 4.44 7.91 25.09 0.95 0.12
i_v_60_a_nc 100.0 100.00 310 1 6.32 50.49 4.79 7.18 4.15 2.15 3.80 6.11 14.22 25.75 0.95 0.12
i_v_60_n_fn 100.0 100.00 306 1 8.73 50.53 4.88 7.48 4.15 2.15 4.94 9.90 23.63 26.97 0.94 0.14
i_v_60_n_fc 100.0 100.00 355 1 9.44 49.26 4.95 7.58 4.15 2.15 3.40 8.78 17.92 25.99 0.95 0.14
i_v_60_n_n 100.0 100.00 355 1 17.79 49.28 4.96 7.60 4.15 2.15 6.44 12.20 24.80 29.32 0.96 0.11
i_v_60_n_nc 100.0 100.00 339 1 9.18 49.00 5.04 7.34 4.15 2.15 3.63 8.81 20.25 25.62 0.95 0.13
i_v_120_a_nc 100.0 100.00 326 1 6.86 50.54 4.36 6.65 4.15 2.15 4.22 6.78 14.23 25.64 0.94 0.14
i_h_30_n_fn 100.0 100.00 306 1 12.16 48.65 5.35 7.68 4.15 2.15 5.76 11.70 25.50 25.42 0.93 0.13
i_v_120_a_n 100.0 100.00 325 1 13.36 50.43 4.35 6.94 4.15 2.15 7.63 22.51 60.11 27.17 0.89 0.10
i_v_120_n_fn 100.0 100.00 326 1 11.72 50.29 4.39 6.73 4.15 2.15 7.09 12.78 25.46 27.36 0.94 0.14
i_h_120_a_fn 100.0 100.00 319 1 5.28 49.86 5.06 7.40 4.15 2.10 2.64 5.35 9.62 21.32 0.92 0.14
i_h_120_a_n 100.0 100.00 311 1 5.12 49.64 5.12 7.45 4.15 2.15 2.68 4.87 8.57 21.14 0.93 0.14
i_h_120_a_nc 100.0 100.00 312 1 6.94 49.49 5.17 7.43 4.15 2.15 4.20 6.44 12.00 22.08 0.92 0.14
i_h_120_n_fn 100.0 100.00 305 1 12.05 47.65 5.22 7.42 4.15 2.15 7.06 13.37 27.41 26.07 0.93 0.13
i_h_120_n_fc 100.0 100.00 319 1 8.82 49.32 5.26 7.56 4.15 2.15 5.64 10.57 19.58 24.98 0.94 0.13
i_h_120_n_n 100.0 100.00 307 1 12.47 48.85 5.18 7.55 4.15 2.15 5.55 13.09 29.20 26.13 0.95 0.12
i_h_120_n_nc 100.0 100.00 308 1 8.40 49.48 5.27 7.62 4.15 2.15 4.93 10.87 22.46 24.95 0.95 0.14
i_h_30_a_fn 100.0 100.00 415 1 10.71 49.09 5.23 9.20 4.15 2.15 3.56 5.56 15.92 22.22 0.92 0.14
i_h_30_a_n 100.0 100.00 407 1 12.51 49.66 5.34 9.51 4.15 2.15 3.41 5.88 12.80 23.58 0.94 0.12
i_h_30_a_nc 100.0 100.00 437 1 6.23 50.27 4.11 7.10 4.15 2.10 2.37 4.08 7.39 21.63 0.93 0.15
i_h_30_a_fc 60.0 99.91 424 3 20.64 49.49 5.39 9.72 4.15 2.15 3.15 5.53 12.59 17.92 0.78 0.39
i_h_120_a_fc 0.0 98.18 325 3 17.58 49.49 5.14 7.52 4.15 2.15 4.16 6.44 13.85 22.27 0.93 0.15
i_v_120_a_fc 0.0 96.37 303 3 11.26 50.72 4.19 6.68 4.15 2.15 3.58 6.13 12.13 25.10 0.94 0.14
i_v_60_a_fn 80.0 96.37 355 1 4.86 50.86 4.78 7.20 4.15 2.10 3.21 4.89 11.80 25.33 0.94 0.14
i_h_60_a_fc 0.0 91.57 325 3 17.41 49.18 5.32 7.72 4.15 2.15 4.16 6.44 13.85 16.27 0.69 0.63
Scene name legend: 1_2_3_4_5
1 (environment): i – inside
2 (cellphone position): h – horizontal; v – vertical
3 (filming duration)
4 (illumination): a – artificial; n – natural
5 (shooting angles): n – normal; nc – normal-ceiling; fn – floor-normal; fc – floor-ceiling

Table 3: Separately analyze of the videos considering each parameter from Table 1. Bold values mean best when compared to
others.

Parameter Cellphone Orientation Duration Illumination Shooting Angle
Values Horizontal Vertical 30 60 120 Artificial Natural Floor-Ceiling Normal Normal-Ceiling Floor-Normal

Colmap ≥ 100% 87,50% 91,67% 93,75% 87,50% 87,50% 66,67% 100,00% 66,67% 100,00% 100,00% 91,67%
Colmap ≥ 97,5% 95,83% 91,67% 100,00% 87,50% 93,75% 87,50% 100,00% 83,33% 100,00% 100,00% 91,67%
Colmap ≥ 95% 95,83% 100,00% 100,00% 93,75% 100,00% 95,83% 100,00% 91,67% 100,00% 100,00% 100,00%
Colmap ≥ 90% 100,00% 100,00% 100,00% 100,00% 100,00% 100,00% 100,00% 100,00% 100,00% 100,00% 100,00%
Max SSIM>0,85 91,67% 100,00% 93,75% 93,75% 100,00% 91,67% 100,00% 83,33% 100,00% 100,00% 100,00%
Max SSIM>0,9 87,50% 95,83% 87,50% 93,75% 93,75% 87,50% 95,83% 75,00% 91,67% 100,00% 100,00%
Max SSIM>0,95 0,00% 29,17% 18,75% 18,75% 6,25% 8,33% 20,83% 0,00% 33,33% 25,00% 0,00%
Min LPIPS<0,15 87,50% 95,83% 87,50% 93,75% 93,75% 91,67% 91,67% 66,67% 100,00% 100,00% 100,00%
Min LPIPS<0,125 16,67% 25,00% 18,75% 31,25% 12,50% 20,83% 20,83% 0,00% 66,67% 8,33% 8,33%
Min LPIPS<0,1 0,00% 4,17% 0,00% 0,00% 6,25% 6,25% 0,00% 0,00% 8,33% 0,00% 0,00%
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Figure 3: COLMAP number of repetitions after early repetition stage (in blue).

6 Lessons Learned
Our first experiments used most of Nerfstudio’s default configura-
tions. However, the initial results were not good since Nerfstudio
uses COLMAP fixedly. For example, since COLMAP can estimate
poses from videos or images by finding features, matching them,
and applying a global bundle adjustment, Nerfstudio uses these es-
timated poses as inputs for the reconstruction models. The problem
is that Nerfstudio always uses the first model of camera poses, but
this is not the best one every time. When COLMAP does not find
a good percentage of poses in one model, he generates additional
models, which may be better than the first finding a higher amount
of poses. Since training the reconstruction models uses only the
frames in which a pose was successfully found, using as many poses
as possible is desirable, so the final result has a good generalization
between them. So, it is necessary to find the COLMAP-generated
model of poses with the highest amount of them to use as input for
Nerfacto.

Additionally, after finding the models of poses, Nerfstudio re-
fines the camera intrinsics based on the first model found. But
this refinement might be useless if this is not the best one. This
refinement must be done using the best pose model since it will
be used for Nerfacto. This is crucial since the closer to the ground
truth, which is not known in this case, the poses are, the better the
reconstruction will be.

As proof of this, the Figure 7 compares the first results and the
ones with the changes made concerning the percentage of poses
found in the pilot study. As seen in it, the results are much better
using the proposed approach.

As previously mentioned, using COLMAP only once does not
ensure a good result since their results are slightly random. So,
using it more than once is necessary to get the best result in the
number of poses found. As seen in Figure 3, the first video with a
red bar was processed by COLMAP thrice and was able to find 100%
of the poses on the third try since the tick label in the figure is not

red. This can increase the probability of getting good results, which
is very good for companies wanting to sell a product consistently.

After gaining experience with the COLMAP and Nerfacto tech-
niques, we may suggest good practices for 3D reconstructions based
on videos or set images as input. For a reconstruction to have good
coverage of the scene, it is necessary to have as many views of
the environment as possible, so it is recommended to film from
several different shooting angles. For the reconstructed scene to
have a good generalization between the video or photo frames used,
they must have a good amount of overlap between subsequent or
nearby frames. This helps COLMAP to match the features found
and determine the camera positions more correctly and helps Ner-
facto to reconstruct the environment in spatial positions where
no original frame existed. For a filming person walking at normal
speed, extracting 3 frames per second from the videos ensures good
overlapping between the frames used for the reconstruction. In
addition to this, the movement of the camera must also be at the
same walking speed. For photo datasets, the user must be aware
that, depending on the separation of photos, the results may not be
good enough.

We can also talk about filling the environment to be filmed:
as COLMAP tries to find descriptors in the images, extensively
monochrome walls must be filled with details (for example, pictures,
decorations, etc.) to help COLMAP pre-process to extract as many
poses as possible. Concerning illumination, the environment to be
filmed or photographed must be properly lit, not too dark, and not
with too much variation in light intensity.

In this work, we also used the Laplacian technique to choose
frames with less motion blur, but even so, it is recommended that
the movie be made as stable as possible, using stability tools and
the highest camera’s shutter speed so that the reconstruction is of
good quality, given that the model will be based on the frame used
as input. It should also be noted that the higher the resolution of the
input frames used, the better the final result can be, provided that
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Figure 4: Nerfacto’s evaluation metrics.
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Figure 6: Linear regression made with Laplacians’ mean val-
ues and maximum values of the PSNR for each video.

Nerfstudio is configured to use the full resolution of the image using
the option –downscale-factor 1 as the last one in the command
ns-train nerfacto, where 1 means no downscale2.

7 Limitations
Initially, eleven parameters were chosen for recording the videos,
though the study began with more, including zoom options and
camera perspective. However, the increase in parameters led to an
exponential rise in the number of videos required, extending the
processing and training time. As a result, only parameters signifi-
cantly impacting the outcome were selected based on a prior pilot
experiment.

The dataset consists of 48 videos from a single indoor environ-
ment to limit processing time, as adding more environments would
require additional videos. This work focuses on indoor scenes, and
the insights are relevant only to this context, with plans to investi-
gate outdoor scenes in future work. More videos would improve the
statistical reliability in 4.2, such as the relationship between PSNR
and Laplacian values. The total processing time was approximately
60 hours (an average of 1:20 hours/min for each video). To address
this limitation, a replication package with experiment details, met-
rics, and code is provided, encouraging further research due to the
difficulty of finding large datasets for indoor and outdoor scenes.

Table 2 also shows some information about the usage of time
and hardware. Reading these data, the user must have access to a
GPU with at least 2.5Gb of VRAM to use this technology for the
Nerfacto part, and 4.5Gb of VRAM for the COLMAP part. Without
this hardware, the processing time becomes unpractically extended.

8 Conclusions
This paper fills a gap in NeRF research by optimizing video quality
through systematic parameterization and standardized recording
techniques. It moves beyond trial-and-error methods, offering in-
sights and tools to improve NeRF-generated videos. Contributions

2This considerably increases GPU consumption

include a list of tested parameters, a dataset of 48 videos with Nerf-
studio data, a Jupyter Notebook for metrics, and guidelines for
enhancing indoor scene creation.

Following the recommendations, practitioners can achieve higher-
quality outputs with less rework, reduced training time, and fewer
computational resources. Key factors affecting the quality of indoor
scene reconstructions include proper illumination, appropriate lu-
minance, and smooth camera movements. Filming in small indoor
spaces is more challenging due to limited coverage, making it es-
sential to capture most of the environment and provide a sufficient
number of frames to COLMAP for accurate scene description.

In addition to that, neither all the users are able to film scenes
with an equipment that can precisely record the poses of the cam-
eras, which is another way to generate great 3D reconstructions.
Using COLMAP instead is a way to ease the use of this technology
for them. So, the proposed guide is necessary, since their steps
influence the final results also due to COLMAP usage.

Our study used a single NeRF model, although other models are
available within the Nerfstudio environment. Notably, the Task-
Technology Fit model carries our approach by aligning task re-
quirements - such as capturing high-quality visual data in indoor
environments — with best video capture practices to maximize
the output quality. A promising alternative is the Gaussian Splat-
ting algorithm, including Nerfstudio’s Splatfacto model; we plan to
explore the potential of this technique in future work.
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Figure 7: Comparison between pilot studies made before and after changing the way of using COLMAP by Nerfstudio. Green
bars stand for 100% of poses found. Red bars stand for less than 100%.
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