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Abstract

Rapid advancements in techniques and applications of NeRF
technologies have been seen in both academia and industry
recently. It becomes apparent that there is a need to consoli-
date and organize the theoretical and practical knowledge on
the end to end pipeline of using NeRF technology. To facil-
itate the study and research on NeRF technologies, we pro-
pose a novel review framework that identifies the key stages
for NeRF related technology, namely: Pre-NeRF, NeRF, Post-
NeRF, or “PNP” in short. Each stage has four attributes: An
overview of what and how NeRF technology is adapted at
that stage, the common challenges faced, exemplary toolkits
that are used to handle the tasks, and how it is applicable to
the next stage in the framework.

Introduction
Photorealistic digital content is broadly applied in domains
such as film and arts, gaming, marketing, robotics, simula-
tions, communications, virtual reality (VR) and augmented
reality (AR). However, it is computationally expensive and
manually intensive to produce digital assets. High quality
3D content that is reusable with maximum consistency and
quality assurance poses additional challenges whilst the de-
mand continues to grow. A promising solution is to leverage
deep learning techniques into the pipeline of traditional 3D
content creation, which usually begins with data capturing
for references to create 3D models and rendering them to be
used in various applications.

Neural Radiance Fields (NeRF) (Mildenhall et al. 2020)
has achieved state-of-the-art view synthesis quality which
garnered much attention in the computer vision commu-
nity in the recent years. By encoding the spatial positions
and corresponding view directions of input images into the
weights of a Multi-Layer Perceptron (MLP) network, NeRF
learns how to generate photorealistic images for real-world
scenes. With the showcase of many impressive demonstra-
tions, it has also inspired subsequent research works on the
methodologies and applications based on this novel tech-
nique. A high level perspective of the end to end pipeline
involving the NeRF technique begins from using captured
images as input to an MLP network to render photorealistic
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novel views for 3D viewing. The overlapping similarities be-
tween both pipelines evidently shows that NeRF is an ideal
deep learning based representative solution.

Initially introduced in 2020, the NeRF technique has pro-
gressed with remarkable advancements in the research field
and continues to offer promising prospects for future de-
velopments. Numerous research works have been conducted
to further develop the NeRF technique towards 3D percep-
tion aimed at 1) transcending its capabilities and limitations
(Gafni et al. 2021; Srinivasan et al. 2021; Yu et al. 2021;
Bergen and Adelson 1991; Barron et al. 2021), and 2) inte-
grating it into project frameworks that solves real world in-
dustry use cases (Adamkiewicz et al. 2022; Ichnowski et al.
2021). Furthermore, NeRF platforms in the form of a mo-
bile app1, standalone SDK with GUI (Müller et al. 2022;
Tancik et al. 2023; Perlman 2023) and professional soft-
ware (Volinga 2023) have emerged in recent months, offer-
ing convenient and accessible use for research purposes and
content creation for non-scientists.

It becomes apparent that with such rapid advancements of
the NeRF technique in academia and industry, there is a need
to consolidate and organize the theory and practical knowl-
edge of the end to end pipeline of using NeRF technology.
However, there is an absence of survey papers that decom-
poses and describes the usage of NeRF technology effec-
tively, targeted at assisting non-technical users and novice
researchers. Hence, this paper presents the concept of our
review framework, “PNP” in short, towards NeRF study and
research as a foundation and opens room for exploration at
the individual stages, namely: Pre-NeRF, NeRF, Post-NeRF.
Each stage has four attributes: An overview of what and how
NeRF technology is adapted at that stage, the common chal-
lenges faced, exemplary toolkits being used to handle the
tasks, and how it is applicable to the next stage.

The next section introduces existing NeRF literatures
which led to the emergence of NeRF platforms that gener-
ates NeRF renders seamlessly. Section 3 provides descrip-
tions to each of the key stages of our framework represented
with the four attributes. Lastly, a summary of this paper with
discussions on future research directions.

1https://lumalabs.ai/
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Related Works
Fundamentals of NeRF At a fundamental level, NeRF
accepts 5D coordinates in the 3D space and the MLP net-
work approximates the RGB and density values as radiance
fields. In order to render a scene, for every pixel in an im-
age, a target camera ray is projected into the 3D space and
the samples along it are collected. Each sample is associated
with a p = (x, y, z) position and its corresponding viewing
direction d = (θ, ϕ) correlated to that camera ray. The ac-
quired 5D values are inputs to the neural network, an Multi-
layer Perceptron (MLP), which predicts and outputs the cor-
responding colour c = (r, g, b) and density σ values which
are then used to update the sample. This process is repeated
for all the samples along that ray. These samples are com-
posited together using volume rendering to compute a sin-
gle color for that specific pixel. Eventually, the scene will be
encoded within the weights of the trained NeRF model and
is capable of rendering it from any viewpoint.

NeRF Literature Surveys One of the first survey papers
on NeRF was published in December 2020 by Dellaert and
Lin (Dellaert and Lin 2020), focused on the wide classifi-
cation of NeRF research topics compiled from 50 preprints
which were eventually published in top tier conferences.
However, it does not provide much information on the pro-
cess of training custom NeRF. Xie and team provided a com-
prehensive report in April 2022 (Xie et al. 2022) on the
research directions of neural fields, providing background
context and literature reviews from more than 250 papers.
They proposed five categories of techniques used in neu-
ral fields: prior learning and conditioning, hybrid represen-
tations, forward maps, network architectures, manipulating
neural fields, and also categorized the applications of neu-
ral fields in visual computing. Additionally, a web database
collection2 of NeRF research papers was developed and is
maintained by the shared community, with functions such
as search, filter of search results, a mindmap of the cita-
tions within a paper. Although this report is very compre-
hensive with illustrations to describe technical terminology,
it is targeted at neural fields in general. Tewari et al. and team
published a survey report in May 2022 on the state-of-the-
art trends in neural rendering and some focus on the NeRF
topic. Subsequently, Gao et al. (Gao et al. 2022) published a
survey report fully focused on NeRF related research top-
ics and proposed a taxonomy of the techniques in NeRF
research papers, and a classification of NeRF applications.
These survey reports provide very comprehensive knowl-
edge on neural rendering, neural fields and recently, with
more focus on NeRF topic. However, there is little focus on
the pipeline of using NeRF to generate custom NeRF ren-
ders for individual or commercial use.

NeRF Platforms Documentations sometimes require cer-
tain level of technical knowledge to which can hinder the
setup and installation for open source demonstrations. There
are working projects published on Google Colab (Tancik
et al. 2023) that allow interested users to get started with
training and rendering custom NeRF models without the

2https://neuralfields.cs.brown.edu/index.html

need for complex configuration setups. NeRF platforms,
such as the LumaAI app3 and professional software (Volinga
2023) have emerged, thus minimizing the complexity of
manual setup and installation via the command line. The
guide to using these is as simple as uploading a set of im-
ages to the NeRF platforms where the training will be done
in the cloud to generate the final NeRF renders. However,
they may require paid membership subscription with added
features, and there are limitations when rendering real-world
scenes due to expensive hardware.

Our Framework
With growing interest in the advancements of NeRF technol-
ogy in academia and industry, it is essential to describe the
usage and applications towards effectively using NeRF tech-
nology for study and research. We present our review frame-
work that identifies the key stages for NeRF technology,
namely: Pre-NeRF, NeRF, Post-NeRF, or “PNP” in short.
As summarized in Figure1, there are four attributes to each
stage, starting with an overview of what and how NeRF tech-
nology is adapted, followed by the general challenges and
the common exemplary tools used by the community, and
concluding with how the output in that stage is applicable
and relevant to NeRF framework.

Pre-NeRF
There are varieties of existing datasets used in the exper-
iments of NeRF research (Mildenhall et al. 2020, 2019;
Knapitsch et al. 2017; Barron et al. 2022). Nonetheless, it
will be most interesting if custom datasets (e.g., images,
videos and 360° equilateral images or videos) can be used
to train and render NeRF models.

Overview Acquire datasets: Capturing images for 3D re-
construction is an acquired skill, technically termed Pho-
togrammetry, which plays a part in determining the render
quality of the NeRF model. Currently, there is no set of hard
rules on how to capture data that determines a good quality
NeRF model. However, there are guidelines on the basics of
photogrammetry4, 5. There are also experiences shared by
users who have experimented with camera settings i.e., ISO,
shutter speed, aperture, taking footages of outdoor environ-
ments6 and indoor space7. A good rule of thumb is to take
images with 2/3 of the scene overlapping each other, and the
camera motion should create a trajectory path instead of piv-
oting at a point for video taking8. Preprocess Images: The
acquired data needs to be converted into a format that the
NeRF neural network can use to compute with, thus prepro-
cessing of the images is required to recover the positions of

3https://lumalabs.ai/
4https://towardsdatascience.com/the-ultimate-guide-to-3d-

reconstruction-with-photogrammetry-56155516ddc4
5https://colmap.github.io/tutorial.html
6https://neuralradiancefields.io/what-are-the-best-camera-

settings-to-take-a-nerf/
7https://l1nq.com/straitstimes
8https://everypoint.io/wp-content/uploads/2022/09/How-to-

Capture-Images-for-3D-Reconstruction.pdf
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Figure 1: Summary of our proposed “PNP” framework

the images and the camera parameters. Data in video form
must be extracted into image frames before they can be used
as input to the MLP network. and this can be done with free
media player software like VLC Media Player9 and FFM-
PEG10. An additional step to ensure the quality of images
would be to manually filter out the images that are blurry, or
have too much overlap with the previous image.

Challenges Common issues with datasets are too few im-
ages, poor resolutions and blurriness in images, and inaccu-
rate camera poses. It also depends on the image process-
ing software used as there may be a learning curve and
the processing speed to achieve camera parameters can be
quite slow. Hence, this stage may pose as a bottleneck to
some non-technical users and it is recommended to follow
the guidelines of photogrammetry (e.g., no motion blurs,
smooth connecting camera motions, no mislabelled camera
data).

Exemplary Toolkits The conversion process to recover
the 5D coordinates: p, d is supported by photogramme-
try software that considers the data type and the capturing
device. Open source library COLMAP (Schonberger and
Frahm 2016) is widely used in numerous NeRF literature as
it supports images, videos and 360° data captured with any
hardware. LumaAI11 has its own image extraction pipeline
to support its propriety website and mobile app. Alterna-
tively, data captured with mobile phones can be extracted
with mobile apps such as Polycam12, KIRI Engine13 and
Record3D14 which greatly simplify the process of image ex-
traction to seamlessly import into NeRF platforms. Industry
associates may utilize professional desktop-based software

9https://www.videolan.org/vlc/
10https://ffmpeg.org/
11https://lumalabs.ai/
12https://poly.cam/
13https://www.kiriengine.com/
14https://record3d.app/

like Metashape15 and Reality Capture16 which require some
level of expertise to use.

Applications Acquiring adequate number of images with
optimal quality is necessary for the training of NeRF model
in the next stage.

NeRF
The “NeRF” terminology is often vaguely used as a verb, a
noun and an adjective in different circumstances, and in this
case, it emphasizes on the techniques involved in the train-
ing of the NeRF network which can be modified to achieve
different outputs.

Overview Given the images and their corresponding 5D
coordinates, the next is to sample coordinates along the
specified ray and feed them into the MLP network to pro-
duce RGB colour and density values. The density value
predicted by the NeRF network at every sample point ef-
fectively provides valuable information on how much 3D
data there is which can be used for occlusion or insertion
of objects into the scene. Volume rendering is then used to
composite these samples and render the colour pixel of that
ray, which is used to compare to the ground truth pixel as
a loss to update the NeRF network. Finally, this scene can
be rendered anywhere as it is now stored as the weights of
the neural network. Image Quality Metrics: Image quality
degradation occurs during image acquisition and processing
due to distortions i.e., noise, blurring, compression, ringing.
Metrics used to evaluate and benchmark the qualitative com-
parisons of the original and reconstructed images for novel
view synthesis via NeRF technique are widely adopted in
most NeRF literatures (Mildenhall et al. 2020; Tancik et al.
2022; Hedman et al. 2021; Barron et al. 2022), including:
Peak Signal to Noise Ratio (PSNR), Structural Similarity
Index Measure (SSIM) (Wang et al. 2004) and Learned Per-
ceptual Image Patch (LPIPS) (Zhang et al. 2018). PSNR

15https://www.agisoft.com/
16https://www.capturingreality.com/

37



measures the mean-squared-error (MSE) of pixel values be-
tween two images: original and reconstructed. It is expressed
in terms of logarithmic decibel scale because many signals
have a very wide dynamic range. The higher the PSNR, the
better the quality of the reconstructed image as the error is
smaller. SSIM evaluates the similarity in structural infor-
mation i.e., luminance, contrast, and structure between two
images: the original and the reconstructed and provides a
value of 0 to 1 where 1 indicates full similarity. LPIPS mea-
sures perceptual similarity using learned convolutional fea-
tures trained on human perception.

Challenges In general, the NeRF model makes a lot of as-
sumptions during training, causing floaters and artefacts in
the rendered scenes. Lighting between input images is as-
sumed to be unchanged. The ability to handle only static
scenes results in dynamic objects, such as a person walking
or a car driving by, being rendered into the scene. These as-
sumptions are challenging to solve for real-world rendered
scenes. Therefore, there are much ongoing research works to
resolve these with a more robust NeRF model architecture.

Exemplary Toolkits An interactive GUI integrated with
InstantNGP (Müller et al. 2022) features many controls to
explore deeper with the neural graphics primitives, NeRF
is one of them, that is being generated. It enables viewing
the training in real-time, saving the NeRF as a .ingp file
which can be reloaded from the saved point, rendering with
DLSS mode to improve on the rendering quality. The VR
mode, a recent addition, allows the user to experience and
interact with the NeRF model while wearing a VR headset.
Similarly, NeRFStudio (Tancik et al. 2023) allows training
in real-time to be viewed on a web viewer locally and re-
motely. These GUIs minimize the complexity of using com-
mand lines for non-technical users to experience generating
NeRF models. Alternatively, training NeRF in Python using
command line are most commonly used.

Applications Tuning the NeRF network architecture with
various techniques to best address the assumptions for
NeRF, typically leads to improvements in the view synthe-
sis, efficient and faster training/rendering speed, and better
quality reconstructed images.

Post-NeRF
Overview Videos are the most common and best option
for viewing the NeRF renders in high quality. Another op-
tion is to crop these NeRF models within a bounding box,
render and export them as meshes or point clouds.

Challenges Other than accelerated training speed for
NeRF models, rendering in real-time is another ongoing de-
velopment that would be very captivating as it creates a great
immersive experience for VRAR.

Exemplary Toolkits NeRF renders can be viewed as high
quality videos on media players. The NeRF SDKs (Müller
et al. 2022; Tancik et al. 2023) and mobile app17 support
camera settings such as adding of in-scene cameras, chang-
ing the focal lengths of each camera to create cinematic

17https://lumalabs.ai/

zoom effects, creating camera trajectory paths with varied
speeds to create slow and fast motion effects. Furthermore,
they have built-in extensions within their pipelines to export
NeRF renders to 3D development engines like Blender18,
Unreal Engine19 and NVIDIA Omniverse20.

Applications Initially, view synthesis via NeRF technique
were commonly used for 3D viewing of object centric
scenes with small objects, which later developed into large
scenes for indoor spaces (Wei et al. 2021) and outdoor en-
vironments (Tancik et al. 2022; Barron et al. 2022). It has
expanded to practical uses in many industries. Commercial
advertising utilized with NeRF technology captures the mo-
ment in time to promote products21. Consumers’ purchas-
ing experience is elevated when searching and viewing in e-
stores for true-to-life products that are cost-efficient to pro-
duce, allowing them to make informed and strategic plan-
ning before deciding on the purchase22. NeRF renders can be
integrated with virtual backgrounds and provide basic user
interactions such as selection and editing (Jambon et al.
2023). Likewise, NeRF rendered scenes can be used as a
background in virtual environments.

Future Discussions and Conclusion
The rapid advancements in both academia and industry have
seen an emergence in the applications and techniques of the
NeRF technology, and it becomes apparent that there is a
need to consolidate and organize the theory and practical
knowledge on the end to end pipeline of using NeRF tech-
nology. However, there is an absence of survey papers that
decomposes and describes its usage effectively, targeted to-
wards NeRF study and research in this topic of growing in-
terest. Our review framework identifies three key stages and
their attributes towards NeRF related technologies.

Still in its early research literature review stage, the mod-
ular concept of our “PNP” framework allows for exploration
at individual stages. By adding text-conditioned diffusion
models to the Pre-NeRF stage, generative AI with NeRF can
be newly created with text prompts. In contrast to this, if
an image-conditioned diffusion model is added to the Post-
NeRF stage, it enables editing of the rendered NeRF with
text prompt. The lighting and weather conditions of NeRF
scene can be implemented and adjusted by adding exposure
controls and appearance embeddings to the NeRF stage. The
NeRF technique in general has several challenges, includ-
ing the trade-offs in memory footprint, training and render
speed, and the quality of NeRF renders. There are multi-
ple concurrent works demonstrating various techniques to
improve on these and taking a further step to utilize NeRF
in the generative AI domain which has huge and exciting
prospects to look forward to.

18https://www.blender.org/
19https://www.unrealengine.com/en-US
20https://www.nvidia.com/en-us/omniverse/
21https://youtu.be/34KeBnSwvmc
22https://blog.google/products/shopping/search-on-2022-

shopping/
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