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Abstract. High-fidelity 3D human scans are essential in various en-
gineering applications, including entertainment and medicine. Recent
advancements in neural scene representation techniques, such as Neu-
ral Radiance Fields (NeRF), offer promising alternatives to traditional
3D reconstruction methods like Structure from Motion (SfM). This pa-
per contributes to Computational Science by presenting a comparative
study of two computational paradigms for 3D human reconstruction —
NeRF, implemented using Instant-NGP, and SfM, carried out with the
use of Agisoft Metashape — with particular emphasis on their temporal
stability. The analysis focuses on the reconstruction of a detailed hu-
man body by evaluating reconstructions carried out across three consec-
utive time frames for each test scene. The evaluation employs extensive
point cloud analysis based on four quantitative criteria: reconstruction
completeness, resolution, surface smoothness, and point cloud consis-
tency. The results demonstrate that NeRF surpasses photogrammetry
in capturing fine volumetric structures and reconstructing regions that
are only visible in a limited subset of input views, yielding a recon-
structed area approximately 9% larger in the analysed full-body scans.
Conversely, SfM demonstrates superior performance in terms of surface
smoothness, producing reconstructions with approximately 45% higher
surface smoothness than those obtained with NeRF. Temporal analysis
reveals that STM maintains high geometric stability between consecutive
frames, while NeRF exhibits discretisation effects due to its voxel-based
representation, leading to greater frame-to-frame variability. The com-
plementary strengths of these methods highlight opportunities for future
research to leverage both artificial intelligence and traditional techniques
for enhanced 3D reconstruction.

Keywords: 3D reconstruction - Neural Radiance Fields - Structure from

Motion - photogrammetry - point clouds - temporal stability.

1 Introduction

Image-based 3D reconstruction is a widely used technique in computer graphics
and computer vision that enables the recovery of 3D object properties, such as
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shape and colour, from multiple 2D images captured from different viewpoints
[18]. The resulting representations are typically realised as point clouds con-
taining spatial coordinates and additional attributes such as colour and normal
vectors. When image sequences represent successive time frames of object mo-
tion, the process extends to spatio-temporal or 4D reconstruction, allowing the
analysis of surface changes over time.

In recent years, 3D reconstruction has gained significant attention in human
body scanning applications, particularly in entertainment and healthcare [22, §].
Spatio-temporal reconstruction enables realistic motion capture and animation
in entertainment [11], as well as posture assessment, rehabilitation monitoring,
and diagnostic analysis in medicine [6,9]. Insufficient temporal stability can in-
troduce geometric artefacts and noise, leading to unnatural motion representa-
tion and reduced analytical reliability.

Among image-based reconstruction techniques, Structure from Motion (SfM)
is widely used to generate dense 3D point clouds from multiple images with
known or estimated camera parameters [25, 2]. SfM has been successfully applied
in cultural heritage preservation, landscape modelling, medical imaging, and
human body reconstruction [6]. However, SfM is sensitive to low-texture regions,
transparency, and occlusions, often resulting in incomplete reconstructions [16].

Neural Radiance Fields (NeRF), introduced in 2020 [14], offer a more re-
cent alternative by learning a continuous volumetric representation of a scene
from overlapping 2D images. NeRF enables novel view synthesis and point cloud
extraction, offering a promising approach to reconstruction.

Figure 1 compares SfM and NeRF reconstructions of a human body dataset
using identical inputs. SfM produces smoother and denser surfaces but struggles
with fine structures such as fingers, while NeRF better preserves small details
at the cost of surface artefacts and discrete offsets in curved regions.

(a) SfM reconstruction (b) NeRF reconstruction

Fig. 1: Reconstruction results and a close-up of arm reconstruction for SfM and
NeRF methods.

This paper provides a detailed comparison of SfM- and NeRF-based recon-
struction techniques, focusing on their performance in reconstructing human
body datasets. We assess the quality and temporal stability of the reconstruc-
tions using the same sets of input images with known camera poses. The evalua-
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tion includes challenging cases such as self-occlusions and highly detailed regions,
the likes of which frequently appear in human body scans. By analysing how each
method handles human reconstruction and maintains geometric coherence across
time frames, we investigate the trade-offs between the computational paradigms
of NeRF and SfM and evaluate their complementary use for high-fidelity human
body reconstruction.

2 Related work

Structure from Motion: Structure from Motion (SfM) is a computational
framework for reconstructing the three-dimensional structure of a scene from
multiple two-dimensional images. The process typically involves feature extrac-
tion and matching (e.g., Scale Invariant Feature Transform [12]), followed by
triangulation to obtain a sparse reconstruction. Dense geometry is then recov-
ered using Multi-View Stereo (MVS) techniques [21]. Early work by Snavely et
al. [23] established a foundational pipeline for recovering camera poses and scene
structure from unordered image collections, while later efforts addressed scala-
bility through parallelisation [1]. The COLMAP system [20] further advanced
the state of the art by improving triangulation, bundle adjustment, and outlier
rejection, leading to higher reconstruction quality.

Neural Radiance Fields: Neural Radiance Fields (NeRF), introduced by
Mildenhall et al. [14], represent a major advancement in 3D reconstruction and
novel view synthesis. NeRF uses a multi-layer perceptron to model a continuous
function that maps 3D positions and viewing directions to volume density and
colour. Training optimises photometric consistency across input images using dif-
ferentiable volumetric rendering. Subsequent extensions have improved NeRF’s
robustness and efficiency. Mip-NeRF [3] addresses aliasing via multiscale rep-
resentations, while NeRF in the Wild [13] adapts the method to unconstrained
environments with variable illumination and transient objects. More recently,
hash-based encodings have been integrated into the NeRF framework to further
accelerate both training and inference while preserving reconstruction quality. A
technique described by Miiller et al. [15] replaces the traditional encoding with
a hash table that efficiently stores and retrieves spatial feature representations
at multiple scales. To improve geometric fidelity, NeuS [26] replaces volumetric
density with a signed distance function (SDF), and Neuralangelo [10] combines
neural SDFs with multiresolution hash encodings and curvature-aware regulari-
sation for high-resolution surface reconstruction in large-scale scenes. Similarly,
Zip-NeRF [4] combines multiscale NeRF formulations and grid-based models
through multiscale sampling and filtering along rays, achieving improved ren-
dering quality and efficiency.

Several studies have evaluated NeRF reconstruction in the context of tradi-
tional photogrammetry methods such as SfM and MVS. However, these works
do not perform comparisons using real-world data that represent the human
body. Furthermore, none of them provides an analysis of the temporal stability
of NeRF-based reconstruction.
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Croce et al. [7] evaluate NeRF and photogrammetry in the context of cul-
tural heritage, analysing reconstruction quality under varying image quantities
and resolutions. Their results show that NeRF achieves higher completeness and
material preservation on datasets with fewer images and lower image resolu-
tion. Moreover, NeRF more accurately represents surfaces with view-dependent
materials, suggesting the potential benefits of hybrid approaches. Similarly, Re-
mondino et al. [19] compare NeRF and MVS across objects with diverse sizes and
surface properties, finding NeRF more effective for transparent and metallic sur-
faces, while photogrammetry performs better on diffuse-like surfaces. Petrovska
et al. [17] investigate the impact of occlusion, showing that although SfM achieves
higher accuracy, NeRF provides significantly higher coverage of occluded objects.

3 Methodology

3.1 Test cases

The evaluation of SfM and NeRF reconstructions uses two real-world full-body
datasets - Male T-pose and Female T-pose - depicting individual subjects cap-
tured in an empty room. Image sequences are recorded synchronously at 30 fps,
with each test case consisting of three consecutive frames in which the actors
maintain nearly identical poses. Minor inter-frame motion enables assessment of
temporal stability and comparison between reconstruction methods. The scenes
include regions with varying surface curvature, self-occlusions, and fine details.

Each scene comprises 34 images at a resolution of 4096 x 2160 pixels, cap-
tured simultaneously from multiple viewpoints using cameras placed at different
heights around the subject. Camera positions and orientations are predefined,
as illustrated in Figure 2.

(a) Top view (b) Front view

Fig. 2: Layout of the cameras for the full body scene.
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3.2 Reconstruction process

The captured images and corresponding camera parameters are processed using
two reconstruction pipelines to generate point clouds for comparative analysis:

— Structure-from-Motion (SfM): Dense point clouds are generated inde-
pendently for each scene using Agisoft Metashape, producing 3D reconstruc-
tions directly suitable for comparison.

— Neural Radiance Fields (NeRF): Neural reconstruction is performed
using the Instant-NGP implementation [15], as it provides superior per-
formance compared to other NeRF methods [19,17] while enabling fast,
high-quality reconstructions. The volumetric representation encodes density
values corresponding to the scene geometry. The final 3D point clouds are
obtained by filtering high-density values from the sampled volumetric grid,
where points of higher density correspond to the solid surface of the sub-
ject. As NeRF reconstructions may also include internal points within the
object, filtering is followed by post-processing to remove internal points via
multi-view depth testing.

All 3D reconstructions were conducted on a workstation equipped with an
Intel Core i7-11700K CPU, 32 GB of RAM, and an NVIDIA GeForce RTX 3070
Ti GPU with 8 GB of VRAM.

3.3 Comparison criteria

This analysis directly compares the geometric properties of 3D point clouds
produced by the two reconstruction methods. All point clouds are first aligned
to a common coordinate system to enable consistent evaluation. The comparison
is based on quantitative metrics that focus on different aspects of geometric
quality:

— Cloud-to-cloud comparison evaluates geometric differences between two
point clouds. The evaluated cloud P is aligned to the reference cloud @ using
the Iterative Closest Point (ICP) algorithm [5]. Nearest-neighbour distances
are then computed with a cutoff defined as deutor = 2 - @, where a is the
voxel size of the NeRF point cloud. For each point p; € P, the nearest point
g; € Q is identified, and the Euclidean distance d; is calculated as:

d; = min <min llpi —q;l, dcutoﬁ") . (1)
;€Q

A histogram of d; visualises the distribution of geometric discrepancies be-
tween the two point clouds providing further insight into the nature and
magnitude of the differences. Additionally, the median distance from P to @
is computed as:

dmeqa = median ({ min ||p; — ¢;|| | pi € P}) (2)
q;€Q
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This metric is asymmetric, as differences in point density and reconstruction
artefacts affect each comparison direction differently.

Reconstruction resolution assesses variations in point density across a
point cloud P. Two analyses are performed:

e Average distance to k-nearest neighbours: For each point p; € P,
the average distance to its k nearest neighbours is calculated as:

Po)=1 X il Q

JENN(p:)

where NNy (p;) is the set of the k-nearest neighbours of p;.

A histogram of D(p;) visualises the distribution of average distances

across the entire point cloud and reveals variations in local point spacing.
e Number of neighbours in a fixed radius: A histogram of the number

of neighbours |N,(p;)| within a radius r is used to examine the distribu-

tion of point densities.

Surface smoothness quantifies local surface regularity. For each point p;,
a plane is fitted to neighbouring points within radius r using a covariance
matrix and Singular Value Decomposition (SVD) [24]. The plane normal
is defined by the eigenvector associated with the smallest eigenvalue of the
covariance matrix. Smoothness is computed as the mean perpendicular dis-
tance of neighbouring points to the fitted plane:

Sz:; > dptane(g)), (4)

N.(p:
| T(pmquNr(m)

where N,.(p;) is the set of neighbouring points within radius r of p;, and
dplane(g;) represents the perpendicular distance of point g; to the fitted
plane. The global smoothness of the point cloud is given by:

1
2

where P is the set of all points in the point cloud.
To analyse scale-dependent behaviour, smoothness is evaluated for increasing
neighbourhood radii (r1,7g,...,7,).

These metrics support both spatial and temporal evaluation. Spatial analysis

compares SfM and NeRF reconstructions within the same time frame, while tem-
poral analysis evaluates consistency between consecutive frames for each method.
Since motion data is captured at 30 Hz, where pose changes between frames are
minimal, this approach enables assessment of temporal stability and identifi-
cation of regions where reconstruction artefacts shift over time despite similar
metric values.
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4 Results and discussion

This section presents a comparative analysis of SfM and NeRF reconstructions.
Spatial comparison is conducted using the first time frame from each test case,
while temporal stability is assessed based on three consecutive frames by mea-
suring differences between neighbouring time frames for each method. The eval-
uation follows the criteria outlined in Section 3.3.

Two full-body test cases are analysed: a Male and a Female T-pose, each
consisting of three consecutive frames used to evaluate SfM and NeRF recon-
structions. The NeRF volumetric representation is sampled at a resolution of
512, producing a 512 x 512 x 512 grid. Since NeRF requires the reconstructed
subject to be scaled to a unit cube, the voxel sizes of the resulting density grid
differ between the Male and Female datasets, measuring 4.36 mm and 4.32 mm,
respectively, to fit the reconstructed geometry. Sample source images and recon-
struction results for each frame are shown in Figure 3.

Male T-pose Female T-pose

T
Tr

Fig. 3: Sample source images and reconstructions for three consecutive frames of
Male and Female T-pose test cases.

Image

In both scenes, most body parts are well visible and fully reconstructed by
both methods. However, qualitative differences are observed. For the male case,
NeRF failed to reconstruct the shorts accurately in the second frame, resulting
in visible surface holes. In the female case, no such cavities are present, though
larger discrepancies are noted in the torso region. Additionally, close-ups of the
most visually different areas in the first frame of the Male T-pose test case are
presented in Figures 1 and 4. NeRF reconstruction better preserves the shape of
small structures like fingers or ears. However, it is characterised by less smooth
surfaces, which are especially noticeable in the torso area.
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(a) SftM (b) NeRF -
head recon- head  recon- (c) StM torso recon- (d) NeRF torso re-
struction struction struction construction

Fig.4: Male T-pose: Reconstruction results close-ups for SfM and NeRF meth-
ods.

(a) Male T-pose (b) Female T-pose

Fig. 5: Cloud-to-cloud distances comparison between SfM and NeRF reconstruc-
tions.

Reconstructed point cloud data for both methods are summarised in Table 1
for Male and Female T-pose test cases. SfM reconstructions consistently yield
point clouds with an order of magnitude more points, lower average distances to
the closest neighbour, and a higher surface density. These values remain tempo-
rally consistent across all three frames in both cases.

Cloud-to-cloud Cloud-to-cloud comparisons are used to assess reconstruction
differences between the two methods, as well as temporal stability within each
method. For both test cases, NeRF reconstructions match the SfM point clouds
in most places. In the male case (Figure 5a), the largest discrepancies appear in
the hands, upper chest, back, and hips. The average distance from the NeRF to
the SfM point cloud is 3.23 mm, with 78.5% of points falling within the first half
of the histogram bins and 6.7% exceeding the cutoff distance of 8.72 mm. In the
female case (Figure 5b), differences are also concentrated in the fingers, upper
chest, and back. NeRF again performs better in preserving fine structures like
individual fingers, but exhibits larger reconstruction errors in the torso region.
No holes are observed in the NeRF reconstructions of the female subject. In
this case, 85.4% of NeRF points are within the first half of the histogram bins,
indicating a concentration of smaller reconstruction errors.
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Table 1: SfM and NeRF reconstruction details for Male and Female T-pose test
cases.

Method Frame Number of Average distance Surface
points to the closest density
neighbour [mm]| [points/mm?|
Male T-pose
1 3 203 629 0.65 1.63
StM 2 3 244 213 0.66 1.64
3 3 271 682 0.6 1.66
1 117 452 4.38 0.06
NeRF 2 115 771 4.39 0.06
3 113 353 4.37 0.06
Female T-pose
1 2 255 242 0.62 1.66
StM 2 2 261 020 0.62 1.67
3 2 259 960 0.62 1.67
1 89 208 4.33 0.06
NeRF 2 89 387 4.33 0.06
3 88 526 4.33 0.06

(b) SIM: Frame 3 to 2 comparison (d) NeRF: Frame 3 to 2 comparison

Fig. 6: Male T-pose: Temporal cloud-to-cloud comparison for the three consecu-
tive reconstructions of the SfM and NeRF methods.
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Temporal comparisons (Figure 6) show that SfM reconstructions had me-
dian cloud-to-cloud distances of 0.65 mm for the male and 0.65-0.64 mm for
the female between consecutive frames. These values are close to the average
distances between points for respective SfM clouds. The small median distances
between frames indicate high temporal consistency for SfM reconstructions. In
contrast, NeRF reconstructions showed distinct patterns reflecting voxel-based
discretisation, where the voxel grid resolution inherently constrains point place-
ments. In the male case, between frames 1 and 2, 58% of point distances are
zero, and 30% matched the voxel size. For frames 2 and 3, these values are 59%
and 31%. For the female subject, over 98% of points had distances smaller than
twice the voxel size. Larger temporal deviations in NeRF occur primarily in
poorly reconstructed regions such as the upper chest and, for the male subject,
the shorts. As with SfM, increased distances are also observed in the hands,
reflecting slight inter-frame motion. To provide a broader qualitative context,
Figure 8 shows twelve consecutive frames, illustrating the temporal evolution of
the reconstructions beyond the three-frame quantitative evaluation.

(a) SfIM: Frame 2 to 1 comparison

side Back

(b) SfM: Frame 3 to 2 comparison (d) NeRF: Frame 3 to 2 comparison

Fig. 7: Female T-pose: Temporal cloud-to-cloud comparison for the three con-
secutive reconstructions of the SfM and NeRF methods.

Reconstruction resolution Reconstruction resolution is assessed through his-
tograms of distances to the 20 nearest neighbours (Figure 9) and neighbour
counts within a 10 mm radius (Figure 10). SfM reconstructions show tighter
distributions of nearest-neighbour distances accumulated in the first bins of
the histogram, suggesting more evenly distributed points on the surface. NeRF
point clouds exhibit broader, Gaussian-like distributions with more points hav-
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8 3 » . 2 2 k R -
NeRF
Fig.8: Male T-pose: Temporal cloud-to-cloud comparison of twelve consecutive

reconstructions.

ing higher and lower distances than the average. In both cases, SfM has a more
even surface sampling, although some areas still exhibit reduced density.
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Fig.9: Male T-pose: Histograms of distance to 20 nearest neighbours (<15 mm)
for three consecutive time frames of SIM and NeRF reconstructions.

For the neighbour count analysis, SfM clouds are uniformly subsampled to
match the number of points from the NeRF reconstruction result. Both methods
show similar overall neighbour densities across the whole surface, with SfM point
clouds having a narrower histogram distribution. In point clouds from both test
cases, there is no significant number of points with extremely large or small num-
bers of neighbours, which indicates that most of the surface has good coverage
of points. All of the histograms remain consistent across frames, showing good
temporal stability when it comes to surface point distribution.

Surface smoothness Surface smoothness was evaluated using local neighbour-
hoods of increasing radii from 8 mm to 24 mm. Results for both cases are pre-
sented in Figure 11. Surface smoothness values increase for both reconstruc-
tions in a similar, nearly linear manner as the radius increases. SfM consistently
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Fig. 10: Male T-pose: Number-of-neighbours histograms for three consecutive
time frames of SfM and NeRF reconstructions.

produces smoother surfaces, as indicated by lower smoothness values across all
radii. NeRF reconstructions, which contain approximately 1/30 of the points
compared to SfM, exhibit higher surface roughness, especially in the male case’s
second frame, which has additional holes in the surface around the shorts.

— NeRF frame 2.

— NeRFframe 1

“— NeREframe 1
= NeRF frame 2

— NeRF frame 3
“— NeRF frame 3

— sfMtrame 1
— siMframe 3

— StMframe 2
1 — SfM frame 2 1 — StMframe 3
] — StMframe 1

8 10 12 14 16 18 20 22 24 8 10 12 14 16 18 20 22 24
Neighbourhood radius [mm] Neighbourhood radius [mm]

Average distance from the fitted plane [mm]
Average distance from the fitted plane [mm]

(a) Male T-pose (b) Female T-pose

Fig. 11: Surface smoothness charts for increasing neighbourhood radius for three
frames reconstructed with SfM and NeRF.

Temporal stability is high for SfM, with nearly identical smoothness curves
across frames for both subjects. NeRF curves show greater variation, particularly
with larger radii, indicating variability in local curvature over time.

5 Conclusions

This study provides a comprehensive comparison of SfM (carried out using Ag-
isoft Metashape) and NeRF (implemented with Instant-NGP) reconstruction
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methods using real-world datasets of full-body scenes. The analysis evaluates re-
construction quality, differences between methods, and temporal stability across
successive frames. While both methods successfully reconstructed the subjects,
notable differences were observed in point cloud characteristics, surface smooth-
ness, and the handling of fine structures, all of which are critical for accurately
representing human body details.

SfM consistently produces denser point clouds with higher point counts, re-
sulting in more detailed and smoother reconstructions of human body features.
NeRF reconstructions, by contrast, give better geometry of small or occluded
features but exhibit lower point densities and discrete offsets due to volumet-
ric sampling, leading to rougher surfaces. Table 2 summarises the performance
of both methods across four practical criteria relevant to general-purpose 3D
human body reconstruction.

Table 2: Comparison of reconstruction criteria between SfM and NeRF.

Criterion SfM NeRF

Small, protruding |Missed or merged fingers and| Separate fingers and ears
structure ears

preservation

Surface smoothness| 45% higher than NeRF, Frame-dependent
consistent across frames

Geometric Median differences close 10-27% of points exhibit

temporal stability to the point spacing larger variation than double
point spacing
Reconstruction 5 minutes 3 minutes
time

A summary of the performance of both reconstruction methods is presented
below.

Cloud-to-cloud comparison. Discrepancies between methods are most ap-
parent in complex or highly detailed regions. SfM demonstrates better temporal
coherence, with differences primarily being due to subject movement rather than
reconstruction instability.

Reconstruction resolution. SfM produces denser and more uniformly dis-
tributed point clouds, while NeRF has greater variation in resolution. Both meth-
ods maintain temporal stability in resolution across frames.

Surface smoothness. SfM reconstructions are smoother and more tempo-
rally stable. NeRF exhibits rougher surfaces due to its volumetric nature and
shows more frame-to-frame variation in surface smoothness.

Temporal stability. Both methods are temporally stable, but SfM con-
sistently outperforms NeRF in maintaining coherent reconstructions over time,
making it more suitable for applications such as animating human motion.

Overall, the results show that Neural Radiance Fields offer complementary
strengths rather than a direct replacement for SfM in 3D human reconstruction.
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While SfM remains superior in surface detail and temporal stability, NeRF sur-
passes it when it comes to reconstructing fine and partially occluded structures.
However, the latter’s potential edge regarding modelling semi-transparent or re-
flective materials was not assessed in this study because such properties were not
present in the evaluated datasets. Future work could explore hybrid approaches
that combine the strengths of both methods to improve reconstruction quality
and robustness for human subjects.
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