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Abstract. Neural radiance fields (NeRF) have recently appeared as a 
powerful tool for generating realistic views of objects and confined areas. 
Still, they face serious challenges with open scenes, where the camera 
has unrestricted movement, and content can appear at any distance. In 
such scenarios, current NeRF-inspired models frequently yield hazy or 
pixelated outputs, suffer slow training times, and might display irreg-
ularities because of the challenging task of reconstructing an extensive 
scene from a limited number of images. We propose a new framework to 
boost the performance of NeRF-based architectures yielding significantly 
superior outcomes compared to the prior work. Our solution overcomes 
several obstacles that affected earlier versions of NeRF, including han-
dling multiple video inputs, selecting keyframes, and extracting poses 
from real-world frames that are ambiguous and symmetrical. Further-
more, we applied our framework, called “Pre-NeRF 360”, to enable the 
use of the Nutrition5k dataset in NeRF and introduce an updated ver-
sion of this dataset, known as the N5k360 dataset. The source code, the 
dataset, and pre-trained weights for Pre-NeRF are publicly available at 
(https://amughrabi.github.io/prenerf). 

Keywords: NeRF · 3D Reconstruction · N5k360 Dataset 

1 Introduction 

Accurate 3D reconstruction from images is a fundamental problem in computer 
vision, underpinning applications in robotics, augmented reality, and beyond. 
The Nutrition 5k [ 45] dataset introduces unique challenges, requiring the recon-
struction of objects with intricate geometries, diverse textures, and significant 
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variability in real-world capture conditions. The need for precise cameras exac-
erbates these challenges and poses estimation and effective keyframe selection, 
essential for robust and efficient reconstruction. 

Traditional 3D reconstruction pipelines often rely on Structure-from-Motion 
(SfM) techniques [ 18, 40] to estimate camera poses and sparse scene representa-
tions, followed by Multi-View Stereo (MVS) methods [ 15, 17, 41, 47, 55] to recover 
dense geometry. While effective in controlled environments, these methods strug-
gle in challenging real-world scenarios, such as those presented by the Nutri-
tion 5k dataset. Casually captured images often include repetitive textures (e.g., 
packaging labels) and featureless surfaces (e.g., smooth bottles), which lead to 
pose estimation errors. These errors propagate through the reconstruction pro-
cess, significantly degrading the quality of the final 3D models. 

Recent advancements, such as Neural Radiance Fields (NeRFs) [ 32], have 
demonstrated remarkable performance in high-quality image synthesis and novel 
view synthesis (NVS) [ 4, 44]. NeRFs implicitly encode scene information into neu-
ral networks, enabling photorealistic rendering and surface-aware reconstruction 
[ 25, 48, 50]. However, these methods remain heavily dependent on accurate cam-
era pose initialization, often using SfM systems like COLMAP [ 40]. When SfM 
fails or produces erroneous poses, NeRF-based approaches also falter, limiting 
their utility for practical datasets like Nutrition 5k. Additionally, large-scale 
datasets need efficient keyframe selection to balance computational efficiency 
and reconstruction fidelity. 

To overcome these limitations, we propose a novel framework to tackle these 
challenges, integrating NeRFs with scene graph optimization to enhance cam-
era pose estimation and enable robust keyframe selection. Our approach begins 
with an SfM-based pose initialization [ 18, 40] and incorporates a joint optimiza-
tion process leveraging scene graph representations. By modeling spatial rela-
tionships among frames in the scene graph, our framework effectively mitigates 
pose inaccuracies, even under significant outliers. Furthermore, an adaptive con-
fidence mechanism identifies and downweights unreliable frames caused by repet-
itive patterns or textureless regions [ 5, 10, 52, 54], ensuring that outliers do not 
compromise reconstruction quality. 

Our method includes a structured keyframe selection strategy informed by 
the scene graph’s topology. This strategy maximizes spatial coverage and mini-
mizes redundancy, improving computational efficiency without sacrificing recon-
struction fidelity. A coarse-to-fine optimization strategy ensures stability and 
efficiency, enabling global pose corrections during initial stages and refining local 
details in subsequent steps [ 7, 9, 22, 28]. 

We validate our framework on the Nutrition 5k [ 45] and MipNeRF 360 [ 4] 
datasets, demonstrating its robustness in addressing significant pose estimation 
errors and achieving state-of-the-art reconstruction quality. Our experiments 
reveal its effectiveness in handling unstructured image capture scenarios, sur-
passing existing methods in geometric accuracy and computational efficiency.
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2 Related Work 

Rendering extensive unbounded scenes using NeRF architectures raises three 
crucial challenges: parameterization, efficiency, and  ambiguity [ 4]. 

Parameterization: refers to defining a set of parameters or constraints that can 
represent the space of a 3D scene. Allocating more capacity to nearby objects and 
less to distant ones is crucial for accurate rendering unbounded scenes. NeRFs 
are successful in pairing specific scene types with appropriate 3D parameteri-
zations. Scenes unbounded in all directions require different parameterizations, 
as explored by NeRF++ [ 58] and DONeRF [ 33], which shrink distant points 
towards the origin. Mip-NeRF 360 extends this idea to Mip-NeRF by present-
ing a way to apply smooth parameterization to volumes and introducing their 
parameterization for unbounded scenes. 

Efficiency: Training NeRF and Mip-NeRF-like architectures for complex scenes 
is resource-intensive due to densely querying large MultiLayer Perceptrons 
(MLP)s along each ray. Mip-NeRF 360 improves efficiency by employing two 
MLPs: a Proposal MLP for volumetric density prediction and a NeRF MLP 
for rendering. This approach leverages frequent Proposal MLP evaluations and 
fewer NeRF MLP evaluations, increasing capacity ( 15. ×) with a modest training 
time increase ( 2. ×) while enhancing rendering quality by 300% [ 4]. Methods like 
distillation and compression speed up rendering [ 20, 36, 56], but not training, and 
Neural Sparse Voxel Fields [ 30] with octree acceleration provide limited training 
time reduction [ 4]. 

Ambiguity: A key limitation of NeRF-like architectures is their struggle to cre-
ate high-quality 3D models from 2D images and generate realistic novel views 
[ 20, 32, 35, 60]. While some approaches address issues like non-smooth surfaces 
and slow rendering [ 4], they differ from Mip-NeRF 360, which operates on con-
tinuous weights along rays rather than point samples. Many techniques also fail 
to handle unbounded 360-degree scenes; for example, RegNeRF [ 34] produces 
empty or dark-brown frames due to its inability to process spherical scenes effec-
tively. 

We introduce Keyframe selection to filter out blurry, noisy, or redundant 
input images to reduce ambiguity in our data model. We prioritize removing 
corrupted frames over recovery to minimize the number of frames while preserv-
ing essential information for real-world scenes. Methods like Deblurring [ 8, 43], 
Image-Super Resolution [ 49], or Image Restoration [ 26, 27] may degrade our 
approach by introducing artifacts, omitting small details, accumulating errors, 
and negatively impacting speed and memory usage. Furthermore, these methods 
often depend on prior knowledge, which adds constraints to NeRF-like systems. 

Our Reduction Detector layer uses two filters to detect Defocus Blur and 
near-Image Similarity in 2D input images. Defocus Blur is handled with Fast 
Fourier Transformation (FFT) [ 1] and the Laplacian method, while near-image 
Similarity is detected using Perceptual Hashing (P-Hash) [ 21] and Hamming 
distance thresholding. These techniques improve data accuracy by removing
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redundant, blurry, and noisy images, which are then passed to Camera Pose 
Estimation (CPE) for more precise pose and feature extraction in unbounded 
scenes. 

Camera Pose Estimation is crucial for providing NeRF with the view-
ing direction .(θ, Φ). It determines the camera’s position and orientation in 3D 
space, vital for applications like augmented reality [ 2], 3D reconstruction [ 14], 
and robotics [ 42]. Accurate pose estimation is key to generating realistic 3D 
scene renderings. Techniques such as Colmap [ 40], SuperGlue [ 39], Hloc [ 38], and 
PixSfM [ 29] estimate poses even in challenging scenarios. Colmap, used by most 
NeRF-like methods, is a robust Structure from Motion (SfM) technique that 
addresses issues like geometric verification and outlier filtering. However, SfM 
struggles with symmetrical or duplicated structures [ 11, 53], a problem Colmap 
also faces. Previous works [ 29, 38, 39] build on Colmap to tackle this. We integrate 
PixSfM into our NeRF framework, as it handles complex scene appearances with 
high precision, speed, and efficient memory use. 

PixSfM is an advanced computer vision framework that enhances SfM accu-
racy by refining key-point locations and camera poses using low-level image infor-
mation from multiple views. Built on Hloc [ 38], SuperGlue [ 39], and Colmap, 
PixSfM improves scene geometry and camera pose accuracy, even in challenging 
scenarios. Due to its robustness and versatility, we replace Colmap with PixSfM 
in our proposed data model for enhanced camera pose estimation (CPE). 

In summary, in this paper, we designed a framework to address the challenges 
faced by NeRF-like methods in generating realistic renderings of unbounded 
scenes. The main contributions of this article are: 

1. We introduce a new Reduction deduction layer in the Pre-NeRF 360 frame-
work to address the ambiguity issue that arises in unbounded scenes. This 
layer incorporates two optimized filters, Defocus Blur and near-Image Simi-
larity eliminating noisy, blurry and redundant input images. 

2. We adopt an advanced and innovative camera pose estimation technique 
called PixSfM [ 29] instead of the usually used Colmap tool for Camera Pose 
Estimation [ 40]. PixSfM enables us to obtain more intricate and accurate 
camera pose and features, which helps any NeRF-like architectures to gener-
ate highly detailed and photo realistic renderings of unbounded scenes. We 
show that our framework based on PixSfM is able to extract dynamic and 
high-level features, and differentiate between extracted camera positions that 
correspond to common features, reducing significantly the ambiguity in cam-
era pose estimation. 

3. We offer an enhanced and upgraded version of the public Nutrition5k dataset 
called N5k360. We enabled it to be accepted for all NeRF-like architecture 
in order to create 3D view and rendering of the dishes. The N5k360 dataset 
contains all Nutrition5k dishes, and will be done publicly available after pub-
lishing the paper to be utilized with any NeRF-like architecture. 

4. We conducted a comprehensive set of experiments using the Mip-NeRF360 
and our proposed N5k360 dataset. In comparison with Mip-NeRF360 dataset, 
our proposed framework achieved slightly improved and better performance
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with very fewer iterations. We validated the results using three evaluation 
metrics (PSNR, SSIM, LPIPS), improving the state-of-the-art performance. 

The rest of this paper is structured as follows: We defined our proposed 
framework in Sect. 3. A thorough set of experimental results is presented in 
Sect. 4. Finally, we present our conclusions and future work in Sect. 5. 

3 Proposed Methodology 

This section presents a detailed description of our framework. Our study focuses 
on how to improve the NeRF input data (blurred, noisy, and redundant input 
images and pose estimations) in order to alleviate the ambiguity problem of 
NeRF-based models. 

Fig. 1. Our proposed framework diagram, which outlines the entire workflow from a 
set of videos to any NeRF-like application. The data representation in the diagram 
consists of four input videos taken from the Nutrition5k dataset. 

3.1 Overview 

Figure 1 shows a diagram representing the general overview of our proposed app-
roach. The input of our model is a set of videos (or a collection of images) that 
is used to extract a set of keyframes represented by a subsampled set of data 
(e.g., every .kth frame) from each video. Our framework is composed of three 
main parts: reduction detector, camera pose estimation and converter. Within 
the reduction detector part, Defocus Blur reduction module removes all the 
blurry frames from the list of sampled frames; followed by a near-Image Sim-
ilarity reduction module removing the duplicate frames from the blurry-free 
sampled frames. Consequently, a Camera Poses Estimation module extracts 
the low detailed features and match them, resulting in the cameras’ locations 
(i.e. poses). Lastly, a Converter module reformats the Camera poses informa-
tion and the frames into parsable NeRF-based formats such as LLFF or Blender.
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3.2 Preliminaries: NeRF for View Synthesis 

NeRFs [ 32] can be formalized as a function .FΘ which takes as input a continuous 
5D coordinate and yields a color and a density at that input location, such that: 

.FΘ : ( x, d) → (c, σ) , (1) 

where . x = (x, y, z) is a 3D spatial location, .d = (θ, Φ) represents a spherical 
direction, .c = (r, g, b) is the color at the 5D input coordinate and . σ is the 
corresponding volume density. 

NeRFs are typically parameterized as an MLP, which captures the 5D radi-
ance field of a given 3D scene. This inherently volumetric information is then 
projected onto the image plane defined by a virtual camera to synthesize a new 
(unseen) photo-realistic image. The typical approach uses direct volume render-
ing, where virtual rays . r with origin . o at the virtual camera position are cast 
towards the scene. The number of rays equals the number of pixels in the syn-
thetic image. Their direction . d is set so that each ray .r(t) = o+td passes through 
the center of each image pixel, with .t ≥ 0 being the ray parameter determining 
the current position along the given ray. The color of each pixel is then computed 
by marching along its corresponding ray and collecting the color . c and volume 
density . σ values at a set of discrete locations. Finally, the collected values are 
used to compose the final pixel color. This process can be formalized as [ 32]: 

. Ĉ(r) =
N∑

i=1

Ti(1 − exp(−σiδi)))ci, Ti = exp

⎛

⎝−
i−1∑

j=1

σjδj

⎞

⎠ ,

where .N refers to the number of sampled points across the ray, . δi = ti+1 − ti
refers to the distance between two adjacent samples, . ci and .σi refer to the per-
point radiance and density, and .Ti refers to the accumulated transmittance. 

Since NeRF is differentiable, it is possible to define a loss function that allows 
NeRF training to minimize the mean-squared error (MSE) between the predicted 
renderings and the corresponding ground-truth colors: 

. LMSE =
1

|R|
∑

r∈R

∥∥∥Ĉ(r) − C(r))
∥∥∥
2

where .R refers to the batch of the randomly sampled rays that belong to one or 
all training images, while .Ĉ(r) and .C(r) refer to the ground truth and output 
color of ray . r. Notably, this per-pixel optimization approach lacks holistic spatial 
understanding and makes NeRF sensitive to disturbance in pixel intensity. 

Camera Pose Estimation: Since the input of NeRF is a continuous 5D coor-
dinate containing a point in the space and the camera pose, CPE is used to 
compute the camera pose from a set of videos or frames. Assume CPE is a func-
tion called .E that accept a set of frames (. X): .E(X) = I(xi, θ, Φ), and returns 
.I(xi, θ, Φ), which is the estimated view direction .(θ, Φ) with the associated frame, 
.xi ∈ X.
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PixSfM [ 29] computes features by using deep Convolutional Neural Network 
(CNN)s. PixSfM provides direct alignment of low-level image information from 
multiple views: it first adjusts initial keypoint locations prior to any geomet-
ric estimation, and subsequently refine points and camera poses as a post-
processing. In particular, PixSfM adjusts both keypoints and bundles, before 
and after reconstruction, by direct image alignment in a learned feature space. 
Exploiting this locally-dense information is significantly more accurate than geo-
metric optimization, while deep, high-dimensional features extracted by a CNN 
ensure wider convergence in challenging conditions. The approach first refines the 
2D keypoints only from tentative matches by optimizing a direct cost over dense 
feature maps. The second stage operates after SfM and refines 3D points and 
poses with a similar feature metric cost. Thus, the formulation elegantly com-
bines globally-discriminative sparse matching with locally-accurate dense details. 
The refinement is robust to large detection noise and appearance changes, due 
to the optimization of the feature metric error based on dense features predicted 
by a neural network. 

3.3 Pre-NeRF 360 

Our framework aims to improve the input of the NeRF framework in order 
to overcome the abovementioned artifacts. Let us consider as input multiple 
videos .X from different cameras or the same camera, as shown in Fig. 1: . X =
{Xi|i ∈ (1, n)} where .X is a set of videos, .Xi is the i-th video, where .i ∈ [0, n], 
and . n is the number of videos in . X. 

Key Frame Extraction: In order to minimise the redundant frames and speed 
up the process we first subsample the videos namely, from each video we select 
every .kth frame obtaining .X ′ = S(Xi, k). Since duplicates in frames causes 
instability and less robustness in the model training [ 61], the subsampling process 
reduces the likelihood of duplicates in the input data. 

Defocus Blur Reduction .DRed: When the inputs are corrupted, such as com-
pressed in JPEG format or blurred due to motion, the reconstructed scenes may 
show apparent artifacts. Corruptions often occur during the real-world capture 
and preprocessing stages. It potentially seems to lead to inaccurate reconstruc-
tion. Still, the more essential and interesting question —how different corrup-
tion severity and types impact the robustness of NeRF— is still an open field to 
explore. 

In order to tackle this problem by removing blurry images, we propose to mea-
sure image sharpness in the frequency domain using the Fast Fourier Transform 
(FFT) with a Blur degree threshold .hb [ 12]: . X ′′ = {xi ∈ X ′ | FFT(xi) > hb},

Near-Image Similarity Reduction: The frame sampling approach of the key 
frame generates a list of images .Xred ⊆ X that still could have frames redun-
dancy. This can occur when the camera takes longer than .kth frames to move 
while recording. We apply a near-image similarity [ 46] method to detect the 
duplicates among .X ′, especially to handle too smooth or slow camera movement



Enriching Unbounded Appearances for Neural Radiance Fields 87

behaviour. To detect near-image similarity, we apply Perceptual hashing func-
tion (.PHash) [  57] that generates a unique fingerprint for each frame based on its 
content. .PHash examines the features of a frame and generates a 64-bit number 
fingerprint. Then, all hashes are constructed in BKTree [ 6] data structure to find 
“the closest” hashes. After that, we use Hamming Distance (HD) to find the . P
closest hashes corresponding to similare image frames. 

Assume .H denotes a hash function which takes one frame as a given input 
and return a binary string of length . l. Assume . x indicates a particular frame in 
.X ′, and . x̂ denotes a modified version of this frame which is “perceptually similar” 
to . x. Assume . y denotes a frame that is “perceptually different” from . x in .X ′. 
Assume .x′ and .y′ denote hash values. .0/1l represents binary strings of length . l. 
Then, the four desired properties of a perceptual hash are defined as follows: 

(i) Equal distribution (unpredictability) of hash values, where the prob-
ability of any hash value .H(x) = x′ is approximately . 1

2l
for all .x′ ∈ {0, 1}l, 

with . P denoting probability and . l the hash code length. 
(ii) Pairwise independence, ensuring that perceptually different frames . x and 

. y satisfy .P (H(x) = x′ | H(y) = y′) ≈ P (H(x) = x′) for all .x′, y′ ∈ {0, 1}l. 
(iii) Invariance, ensuring that perceptually similar frames .x and .x̂ yield 

.P (H(x) = H(x̂)) ≈ 1. 
(iv) Distinction, ensuring that perceptually different frames . x and . y yield 

.P (H(x) = H(y)) ≈ 0. The Hamming distance (HD), .D(u, v), counts the  
number of differing indices (. i) between binary strings . u and . v of length . l, 
defined as .D(u | H(x), v | H(y)) = |{i : ui �= vi, i = 1, . . . , l}|. Additionally, 
the function .Xred = N(X ′, hs) [ 21] identifies near-similarity frames within a 
threshold .hs on the HD, expressed as . Xred = N(∀xi ∈ X ′,∀yi ∈ X ′) = {yi |
P (H(xi),H(yi)) ≈ 1, xi �= yi}, returning a subset .Xred ⊆ X ′ of duplicate 
frames where, for each .xi ⊆ Xred, there exists a duplicate .yi ⊆ X ′. 

In order to achieve the efficient NeRF performance, we remove .Xred from . X ′′

as follows: .X ′′′ = {xi ∈ X ′′ | xi /∈ Xred}, where the frames in .X ′′′ are obtained 
removing all frames with a similar hash code controlled by the HD threshold 
.hs (frames with a smaller Hash distance than .hs are considered redundant and 
removed). Obtaining .X ′′′ with a distance lower than .hs leads to high frames 
overlapping. Note that ensuring the scene has balanced (high enough, but not 
redundant) data is still an open question for NeRFs. 

Note that obtaining .X ′′′ is exponentially impacted by the number of frames 
in .X ′′; cleaning up the de-focus blurred images before entering the near-Image 
Similarity Reduction step leads to significantly lower computation and better 
reduction speed. 

To ensure compatibility with NeRF models, data from the reduction detec-
tor and camera pose estimation undergo validation and preparation. This refines 
camera poses to correct inconsistencies, aligning them with the scene’s geome-
try. The validated frames and poses are formatted for NeRF inputs like LLFF 
or Blender, which require precise camera parameters and processed image 
data. These procedures guarantee input quality for NeRF synthesis, minimiz-
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ing ambiguity and enabling accurate, photo-realistic 3D scenes reconstructions. 
Figure 1(c) shows the final result of the Pre-NeRF model. 

3.4 Our Proposed Dataset: N5k360 

We propose an advanced 360 food dataset named N5k360 being an improved and 
enhanced version of the Nutrition5k dataset compatible with all NeRF architec-
tures. Our aim was to construct a .360◦ viewed 5,000 realistic food dishes that 
are created from Nutrition5k dataset, as mentioned in Fig. 3. 

Being Nutrition5K a real dataset referring to a complex real domain, i.e., 
food domain, we encountered numerous issues and challenges when adapting 
the Nutrition5k dataset for NeRF, including low-resolution videos, errors caused 
by humans and cameras, and blurry and redundant images, as shown in Fig. 2. 
Since the dishes were recorded using four Raspberry Pi cameras, the resulting 
low-resolution videos harmed the PSNR value. Furthermore, the footage con-
tained numerous blurry and redundant images due to the camera’s brief record-
ing pauses. Moreover, the videos also included some human errors, such as hands, 
mobile phones, and lagging in the recorded videos. Therefore, firstly, we filtered 
these video images from the human errors and then passed them to our proposed 
data model, where we applied the Keyframes selection, which filters the blurry, 
noisy, and redundant images followed by the CPE and NeRF. 

Fig. 2. Examples of challenges encountered with the Nutrition5k dataset. 

To generate the N5k360 dataset, we extend our framework by including an 
image-rotation pipeline designed to rotate inverted frames by .180◦. This pipeline 
aims to ensure proper synchronization of all frames captured by the recording 
cameras, as shown in Fig. 3. In some cases, repeating the workflow with a higher 
threshold .hb was necessary as the CPE process led to undesired outcomes, such 
as blurry frames. Insufficient features extracted from the frames caused the CPE 
to fail in estimating camera poses for all frames in a scene, leading to exclusion 
from the feature matching by the SfM.



Enriching Unbounded Appearances for Neural Radiance Fields 89

Fig. 3. Our framework with an additional step of data rotation .180◦, to apply it on 
the Nutrition5k dish videos. 

Fig. 4. Comparison of feature extraction: (Left) Colmap features using the N5k360 
dataset, (Right) PixSfM features using the same dataset. 

4 Experimental Results 

In this section, we comment on the Mip-NeRF 360 dataset, the implementation 
setting, the results, and the comparison of PixSfM to Colmap CPE. Our proposed 
framework was evaluated on both multifaceted datasets, Mip-NeRF 360 and 
N5k360. As usual for NeRF evaluation, we provide the results for three error 
metrics, namely PSNR, SSIM, and LPIPS. The Training Time (hrs), Model 
Parameters (M), number of Iterations, and the Equivalent number of Iterations 
to TPU are also presented for all the scenes in the datasets. 

4.1 Dataset 

The Mip-NeRF 360 dataset [ 4] comprises 9 different scenes, including 5 out-
door and 4 indoor scenes. Each scene features a sophisticated central area and 
intricates background details. To capture these scenes, specific measures were 
taken to minimize photometric variations by fixing camera exposure settings, 
minimizing lighting changes and avoiding moving objects.
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4.2 Implementation Setting 

We  used  TPU v2 with 32 cores  [  23], and linear scaling rule [ 16] to fit our  model  
configurations with NVIDIA GeForce RTX 3090/24G. Our model has .4096 as a 
batch size, a learning rate that is annealed log-linearly from .5×10−4 to .5×10−6, 
and .1 × 106 iterations. Simultaneously, we allocated 2 TPU v2 with 7 cores for 
each node without using the linear scaling rule for 3 days. 

4.3 Pre-NeRF 360 Results 

We evaluate our model on the two datasets: Mip-NeRF 360 dataset and the 
N5k360 dataset. In Table 1, we present the PSNR, SSIM [ 51], LPIPS [ 59], Time 
(hours), and Iterations mean values for all NeRF-like methods for the nine 
scenes. One can note that our model (backbone mipNeRF 360) outperforms 
all NeRF-like methods by 1.18x in LPIPS. Note that our model needs 3.17x 
less number of iterations. Moreover, our model outperforms Mip-NeRF 360 [ 4] 
w/GLO by 2.59%, while Mip-NeRF 2.64% in PSNR. In contrast, our model 
outperforms all NeRF-like methods, except Mip-NeRF 360 and Mip-NeRF 360 
w/GLO in SSIM, outperforming our model by 2.02% and 1.27%, respectively. 
Figure 5 shows qualitative results on mip-NeRF 360 dataset and Nutrition 5k 
dataset. 

Table 1. A quantitative comparison of our model with the SOTA on the Mip-NeRF 
360 dataset. (*) denotes the NeRF-like method with Bigger MLP, while (+) denotes 
to NeRF-like method with Generative Latent Optimization (GLO) [ 31]. 

Method PSNR↑ SSIM↑LPIPS↓ Time(hrs) Params Iters 
NeRF[ 13, 32] 23.85 0.605 0.451 4.16 1.5M 250k 
DoNeRF[ 33] 24.03 0.607 0.455 4.59 1.4M 250k 
mip-NeRF[ 3] 24.04 0.616 0.441 3.17 0.7M 250k 
NeRF++[ 58] 25.11 0.676 0.375 9.45 2.4M 250k 
Deep Blending [ 19] 23.70 0.666 0.318 - - 250k 
Point-Based Neural Rendering [ 24] 23.71 0.735 0.252 - - 250k 
Stable View Synthesis [ 37] 25.33 0.771 0.211 - - 250k 
mip-NeRF [ 3] w/bigger MLP* 26.19 0.748 0.285 22.71 9.0M 250k 
NeRF++ [ 58] w/bigger MLPs* 26.39 0.750 0.293 19.88 9.0M 250k 
mip-NeRF 360 [ 4] 27.69 0.792 0.237 6.89 9.9M 250k 
mip-NeRF 360 w/GLO [ 4]+ 26.26 0.786 0.237 6.90 9.9M 250k 
Ours 26.96 0.776 0.201 15.80 9.0M 78,75k 

To validate our framework on the N5k360 dataset, we randomly selected the 
whole set of videos for 8 dishes from the Nutrition5k dataset and evaluated them 
on our proposed framework. These 8 dishes evaluations are shown in Table 2. We  
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present the PSNR, SSIM [ 51], LPIPS [ 59], Time (hours), and Iterations values 
for our model for randomly selected 8 scenes from N5k360 dataset. Our model 
shows in average of 24.25 PSNR, 0.81 SSIM, and 0.13 LPIPS, while the training 
time is 55 min for 50k iterations. 

Table 2. The result of our model using randomly selected scenes from N5k360. 

Dish ID PSNR. ↑ SSIM. ↑ LPIPS. ↓ Time(hrs) Params Iters 
50704750 25.55 0.85 0.133 0.55 9.0M 50k 
50710793 24.53 0.80 0.12 0.55 9.0M 50k 
50712459 25.57 0.82 0.11 0.55 9.0M 50k 
50772617 26.86 0.86 0.11 0.55 9.0M 50k 
50775219 26.86 0.83 0.11 0.55 9.0M 50k 
50777256 24.99 0.82 0.11 0.55 9.0M 50k 
61575996 17.54 0.60 0.22 0.55 9.0M 50k 
61664061 22.10 0.81 0.11 0.55 9.0M 50k 
Average 24.25 0.81 0.13 0.55 9.0M 50k 

4.4 PixSfM vs Colmap CPE Comparison 

Based on our experiments, we found that the classical frame-matching NeRF 
paradigm for CPE, i.e. Colmap, detects key points per frame once and for all, 
which can yield poorly-localized features and propagate significant errors to the 
final geometry. Furthermore, Colmap fails to detect low-level frame informa-
tion, more precisely, the keypoints from multiple views, which makes Colmap’s 
matching process failing to find any proper matches. Moreover, it gives view 
directions .(θ, Φ) with a different range of error margins. For instance, when the 
camera symmetrically captured a low-level information indoor scene such as an 
N5k360 dish, the estimated camera poses are overlapped as shown in Fig. 4a, 
while PixSfM CPE can detect them precisely as shown in Fig. 4b. For instance, 
considering the amount of localized features, our experiments show that Colmap 
found fewer features as shown in 4c, while PixSfM CPE found much richer fea-
tures. 
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Fig. 5. Qualitative results of our framework, including mean PSNR, SSIM, and LPIPS 
metrics on both N5k360 and mip-NeRF 360 datasets. 

Limitations. Our approach may struggle with reflective or transparent surfaces 
due to feature matching and pose estimation challenges under dynamic lighting. 
Static color surfaces with limited texture may also hinder reliable pose estimation, 
causing inaccuracies in 3D reconstruction, especially with sparse or noisy data. 

5 Conclusions and Future Work 

We developed a robust data framework for volume rendering that enhances 
NeRF-like models by tackling the challenges of complex data preparation. By 
utilizing defocus blur and detecting near-image similarities, we resolved issues 
in unbounded scenes and applied PixSfM for accurate camera pose estimation, 
which boosted NeRF’s robustness. Our model surpassed existing frameworks 
with fewer training iterations, and we also created the N5k360 dataset, mark-
ing the first volumetric representation of food. While our results highlight the 
enriching the appearance of NeRF-based, questions persist regarding the effects 
of camera placement and the possibility of further reducing corruption. Our goal 
is to promote advancements in dependable NeRF for real-world applications. 
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