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Figure 1: Overview of the Silhouette Sculptor.

ABSTRACT

We introduce an innovative method called Silhouette Sculptor,
which utilizes an object’s silhouette to extract hole-free, accurate
3D meshes from volumetric data generated by Neural Radiance
Fields (NeRF). Silhouette Sculptor leverages NeRF alongside a ma-
chine learning model specialized in silhouette segmentation to im-
prove accuracy. NeRF has recently gained significant attention for
representing complex scenes using continuous volumetric represen-
tations. However, reconstructing accurate 3D meshes from NeRF
volumes remains challenging due to defects such as surface holes,
noise, and inaccuracies introduced during volumetric scene con-
struction and rendering.

Our approach addresses these challenges by incorporating stencil-
ing, volume refinement, and mesh refinement stages into the recon-
struction pipeline. We use machine learning models trained to ac-
curately segment object silhouettes, particularly for humans, from
rendered 2D raster images of the volumetric scene. By refining de-
fects and integrating 2D silhouette information from multiple view-
ing angles into the 3D volumetric rendering process, we improve
volumetric rendering quality and the accuracy of the extracted 3D
meshes.

Index Terms: 3D Mesh Reconstruction; Neural Radiance Fields;
Volumetric Rendering.

1 INTRODUCTION

3D modeling and rendering techniques, including volumetric ren-
dering, have a wide range of practical applications across indus-
tries such as media [5], video games [23], industrial manufacturing,
and medical imaging [6]. Polygonal meshes are the most widely
used representation of 3D objects in computer graphics applica-
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tions. This preference creates a growing demand for effective and
automated reconstruction of realistic 3D meshes. Rapid advances
in modern graphics hardware and recent innovations in computer
graphics, including artificial intelligence and neural rendering, en-
able techniques for reconstructing 3D models from collections of
images captured from multiple viewpoints.

One promising technique for generating 3D object representa-
tions is Neural Radiance Fields (NeRF) [16], which has gained
considerable interest due to its ability to represent complex 3D
scenes as continuous volumetric fields. NeRF offers significant im-
provements over earlier techniques such as Structure from Motion
(SfM) [9], Multi-view Stereo as an extension of SfM, and visual
hulls [10]. While NeRF is regarded as a state-of-the-art approach in
its domain, accurately extracting 3D meshes from NeRF volumetric
data remains challenging due to defects, unwanted noise, and inac-
curacies that may arise during volumetric scene construction and
rendering.

To address these challenges, we propose a novel multi-stage
pipeline; an overview and representative reconstruction result are
shown in Fig. 1. The main stages are:

1. Construct a volumetric representation of a scene containing
the target object using a set of input 2D views.

2. Render the volume using volumetric ray marching.

3. Obtain a 2D segmentation (silhouette) of the target object
from rendered raster images using a machine learning—based
segmentation model.

4. Apply a noise removal method, called stenciling, to extract the
target object from the scene and remove unnecessary voxels
around the object.

5. Apply silhouette-based volume refinement.

The remainder of this paper is organized as follows. The related
work section reviews prior approaches, including Neural Radiance
Fields, and provides background on volumetric scene generation
and the transformation of the scene into a custom, efficient vol-
ume data format. The methodology section describes our environ-
ment and details the proposed algorithms, including the silhouette-
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based volume refinement algorithm (S-VOLREF), the silhouette-
based mesh refinement algorithm (S-MREF), and other techniques
used in our pipeline. The results section presents experimental re-
sults that quantify reconstruction accuracy and demonstrate the ef-
fectiveness of the approach. Finally, the conclusion summarizes the
work and outlines directions for future research.

2 RELATED WORK

3D volume construction from sparse 2D views and the subsequent
refinement of low-quality 3D models is a rapidly evolving research
topic [25]. Multiple approaches have aimed to address these chal-
lenges. For instance, DeepVoxels [20] introduces a 3D embed-
ding technique for neural network—based view synthesis, improv-
ing the quality of reconstructed 3D scenes. Occupancy Networks
[15] focus on reducing memory usage while improving 3D model
quality, and DeepSDF [18] excels at shape completion from point
clouds. More recently, Neural Radiance Fields (NeRF) [16] and In-
stant Neural Graphics Primitives (Instant-ngp) [17] have emerged
as high-performing techniques that represent complex 3D scenes
using continuous volumetric functions, achieving state-of-the-art
results in novel view synthesis.

NeRF [16] learns a 5D continuous function that maps 3D co-
ordinates and viewing directions to radiance values, enabling the
generation of novel views from sparse input images. By leveraging
techniques such as structure-from-motion (SfM) to infer camera pa-
rameters and scene geometry, NeRF can synthesize missing view-
points through volume rendering. While this yields high-fidelity
view synthesis, extracting a clean, hole-free polygonal mesh from
NeRF volumetric data remains challenging. Instant-ngp [17] im-
proves upon NeRF by accelerating training and supporting more
complex scenes, yet its output meshes often still suffer from noise
and irregularities.

Several methods aim to directly extract high-quality surfaces
from implicit representations. For example, NeuS [24] proposes
a neural implicit surface reconstruction method that can produce
smooth, detailed surfaces under controlled conditions. However,
in our tests on a complex human model dataset, NeuS performed
poorly, producing high average and Hausdorff distances from the
ground truth. This suggests that while NeuS excels on certain
benchmarks, it may struggle with real-world complexities and
noise. Similarly, parametric human modeling approaches (e.g.,
SMPL [13]) rely on strong shape priors, which can limit their abil-
ity to capture fine details or handle non-ideal data conditions.

Our work builds upon these advances by introducing a
silhouette-based refinement approach that integrates seamlessly
with NeRF-generated volumetric data. Instead of relying solely
on implicit representations or strong parametric priors, we leverage
object silhouettes to guide noise removal, hole filling, and mesh
refinement. In doing so, we address common shortcomings in
NeRF-based reconstruction, such as surface gaps and noisy arti-
facts, and outperform methods like NeuS in challenging scenarios.
Our silhouette-guided pipeline provides a robust alternative with
improved accuracy and reliability for mesh extraction from volu-
metric data.

3 METHODOLOGY

3.1 Retrieving Volumetric Data and Volume Data For-
matting

We employ Instant-ngp to construct the raw scene, which is sub-
sequently retrieved into a custom file format. This format enables
rendering with specific rendering algorithms, facilitating the use of
our approach across different platforms.

Volumetric rendering and volumetric data exploration techniques
are an active area of research [7]. As a result, volume rendering
continues to evolve, driven by specialized frameworks and tech-
niques developed for this purpose. Due to this rapid evolution and

the diversity of volumetric data generation and storage methods, a
universal volume data format standard remains elusive. This ab-
sence is largely due to variability in volumetric data properties such
as physical characteristics, resolution, and dimensions, which de-
pend on the application and acquisition technique. Therefore, after
retrieving and saving the raw volume data from Instant-ngp, we de-
veloped a custom volume data format that restructures the raw data
into a configuration better suited for rendering.

3.1.1  The Raw Volume Data Formatting

The raw volume data format includes the following components:

* Data Structure: A three-dimensional grid defined by dimen-
sions N(x), N(y), and N(z).

* Color Storage: Each grid point stores color information in
four separate bytes representing red (R), green (G), blue (B),
and alpha (A).

» Data Type: Each color component is stored as a byte within a

float32 array. This is unusual because bytes do not require the

full range of float32.

Total Bytes per Element: 16 bytes (4 byte per color compo-

nent).

3.1.2 The Custom Volume Data Formatting

Our custom volume data format includes the following compo-
nents:

* Data Structure: A similar three-dimensional grid defined by
N(x), N(y), and N(z).

* Color Storage: RGBA values are packed into a single 4-byte
structure (uint32) using bit manipulation.

» Data Type: uint32, enabling efficient packing and unpacking

of multiple components into one compact unit.

Total Bytes per Element: 4 bytes, storing all four components

(RGB and A) together.

The advantages of our custom format are evident as it reduces
file size compared to the raw format by packing RGBA values into 4
bytes rather than storing each component separately within a float32
array.

3.2 Volume Rendering

Volume rendering is widely used for visualizing volumetric data
such as medical scans [1, 11]. In our pipeline, volume rendering
serves two purposes: (i) producing realistic raster views of the
NeRF volume for silhouette extraction, and (ii) supporting later
stages such as noise removal, hole filling, and hollowing.

In general, volume data can be rendered either directly in voxel
space (Direct Volume Rendering, DVR) or indirectly after extract-
ing an explicit surface (Indirect Volume Rendering, IVR) [19, 26].
We employ both paradigms at different stages of our approach.

3.2.1 Direct Volume Rendering

Direct Volume Rendering (DVR) renders the volume without con-
verting it to a polygonal surface. Rays are cast through the voxel
grid and RGBA values are sampled and composited along the ray
to determine the final pixel color [11]. In this work, we primarily
use ray marching, where sampling occurs at fixed step intervals and
accumulated color/opacity are updated progressively.
pi=o+iAsd, fori=0to(N—1) €))
where p; is the current position at step i, o is the ray origin, d is

the ray direction, N is the total number of steps, and As is the step
size.
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where C; is the color at step i (a 4-dimensional rgba vector), and
C} is the color contributed by the current position.

3.2.2 Indirect Volume Rendering

Indirect Volume Rendering (IVR) first extracts an explicit surface
from the volume (e.g., using marching cubes) and then renders the
resulting polygonal mesh with standard surface rendering [19, 26].
IVR is well-suited for mesh-based processing and enables efficient
visualization once a clean surface is available.

In our pipeline, DVR is used to generate high-quality raster
views for silhouette segmentation and refinement, while IVR is
used after refinement to extract and render a polygonal mesh. Ad-
ditionally, a first-hit voxel traversal is used to support hollowing by
identifying surface voxels before mesh extraction.

3.2.3 Ray-Voxel Intersection Traversal Algorithm

Traversing a 3D volumetric grid can be computationally expensive,
especially when the grid has high resolution or when traversal must
be performed frequently [21].

In general, rendering volumetric data involves visiting every
voxel (or a subset of voxels), depending on the algorithm and the
goal. In our setting, we cast rays from each screen-space pixel of an
orthographic camera. As the number of voxels increase, the compu-
tational cost grows accordingly. For example, if the grid has dimen-
sions N x N x N, up to N voxels may be traversed along each di-
mension, yielding an O(N?) worst-case complexity. Consequently,
more efficient traversal methods are needed.

Casting rays through a volumetric grid consists of three main
steps:

1. Set up an orthographic camera, which allows rendering the
volume without perspective distortion. In other words, the im-
age scale remains constant regardless of the distance between
the camera and the volume.

2. Cast rays from each screen-space pixel: iterate over all pixels
on the screen, and for each one, generate a ray originating at
the corresponding world-space position on the orthographic
camera’s near clipping plane, extending in the direction of the
camera’s view vector.

3. Perform ray marching along the rays and sample colors to de-
termine each pixel. Ray marching is used to render the vol-
ume visually. As discussed earlier, ray marching is an itera-
tive process in which a ray is advanced through the volume by
a small step size determined by the desired sampling rate or
voxel size. At each step along the ray, color sampling is per-
formed. For our volume refinement approach, we employ a
customized traversal method that examines the neighborhood
of each voxel along the cast ray, using the Fast Voxel Traversal
Algorithm (FVTA) [3].

The FVTA aims to minimize the number of floating-point oper-
ations while traversing a 3D voxel grid along a ray.

The Ray-Voxel Intersection Traversal Algorithm (RVI-T) has
two main components. It is designed to traverse the volume ef-
ficiently and repeatedly during volume refinement, noise removal,

and stenciling. We describe these stages later. The first compo-
nent of RVI-T is the ray—box intersection algorithm. It determines
whether a ray, originating from a 3D point with a given direction,
intersects the volume. If an intersection occurs, it returns frue along
with the minimum and maximum parameter values at which the ray
enters and exits the volume.

The ray-box intersection algorithm computes the minimum and
maximum ¢ values of the ray equation. We denote these as £, and
tmax, corresponding to where the ray enters and exits the volume,
respectively. The following pseudocode summarizes the ray—box
intersection procedure.

r(t)=o0+t-d 5)

where r() is a point on the ray, o is the origin of the ray, ¢ is the
parameter along the ray, and d is the ray direction.

The second component, volume traversal, traces the path of the
ray through the volume and returns the voxel path using the tMin
and tMax values computed by the ray—voxel intersection method.
If the ray—voxel intersection algorithm reports an intersection, the
volume traversal algorithm computes the entry point using tMin. It
then iteratively traverses the volume voxel by voxel along the ray
by determining which voxel boundary is reached next at each step.
The following pseudocode provides a high-level overview of the
volume traversal algorithm.

After ray—volume intersection is completed, the next step is to
extract human-body masks from different fields of view, as de-
scribed in the following section.

3.2.4 Silhouette Segmentation for Masking

One of the main sources of noise is unnecessary or redundant voxels
in NeRF-generated volumetric scenes is that NeRF reconstructs and
renders the entire scene rather than explicitly isolating individual
objects. Because NeRF models complex interactions among light,
geometry, and materials, it can also capture irrelevant scene con-
tent (e.g., background structures, occlusions, and artifacts), which
appears as noisy voxels surrounding the target object. Moreover,
since NeRF learns a continuous function that maps 3D positions
and viewing directions to radiance values, inaccuracies and approx-
imations in the learned function can introduce noise and artifacts in
the final volumetric representation. The rendering process, which
integrates radiance along viewing rays, may further amplify these
errors, particularly in regions with complex geometry or rapidly
varying radiance. Consequently, noisy data and extraneous voxels
in NeRF-generated volumes complicate accurate 3D mesh extrac-
tion and motivate robust refinement methods to improve volumetric
quality and the resulting 3D models.

We use a trained human segmentation and masking machine-
learning model [12] to segment the human body from 2D raster
images rendered from the volumetric scene. Accurate segmenta-
tion is a crucial component of our approach because it enables both
removal of scene noise and refinement of the target object using 2D
images captured from multiple viewpoints. In addition, the segmen-
tation model’s ability to complete missing parts and correct defects
in the 2D masks is important for achieving effective refinement.

Once the human-body masks are generated using the machine-
learning model [12] as shown in Fig. 2, they are applied in the sten-
ciling step to eliminate noise in the volumetric data.

3.3 Volume, Mesh Refinement, and Extraction of Polyg-
onal Mesh

3.3.1 Stenciling for Noise Removal

As mentioned in the previous section, the first step of the pipeline
is the removal of noise and unnecessary voxels from the volumetric
NeRF scene. We refer to this stage as stenciling. After generating
and accurately segmenting a 2D raster image of the volume from a
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Algorithm 1 Ray-Voxel Intersection Algorithm

Algorithm 2 Volume Traversal Algorithm

Require: o, d, VolumeMin, VolumeMax

1: // Calculate inverse direction

2: inverseDirection.x = 1/d.x

3: inverseDirection.y = 1/d.y

4: inverseDirection.z=1/d .z

5: if inverseDirection.x > 0 then

6:  tMin = (VolumeMin.x — 0.x) X inverseDirection.x
7:  tMax = (VolumeMax.x — 0.x) X inverseDirection.x
8: else

9:  tMin = (VolumeMax.x — 0.x) X inverseDirection.x
10:  tMax = (VolumeMin.x — 0.x) X inverseDirection.x
11: end if

12: if inverseDirection.y > 0 then

13: tMinY = (VolumeMin.y — 0.y) X inverseDirection.y
14: tMaxY = (VolumeMax.y — 0.y) X inverseDirection.y
15: else

16:  tMinY = (VolumeMax.y — 0.y) X inverseDirection.y
17:  tMaxY = (VolumeMin.y — o.y) X inverseDirection.y
18: end if

19: // No intersection, return false.
20: if (tMin > tMaxY ) or (tMinY > tMax) then
21:

22: return (false,—1,—1)
23: end if

24: if tMinY > tMin then

25: tMin = tMinY

26: end if

27: if tMaxY < tMax then

28: tMax = tMaxY

29: end if

30: if inverseDirection.z > 0 then

31: tMinZ = (VolumeMin.z — 0.z) X inverseDirection.z
32: tMaxZ = (VolumeMax.z — 0.z) X inverseDirection.z
33: else

34:  tMinZ = (VolumeMax.z — 0.z) X inverseDirection.z
35:  tMaxZ = (VolumeMin.z — 0.z) X inverseDirection.z
36: end if

37: // No intersection, return false.
38: if (tMin > tMaxZ) or (tMinZ > tMax) then

39:
40:  return (false,—1,—1)
41: end if

42: if tMinZ > tMin then

43: tMin = tMinZ

44: end if

45: if tMaxZ < tMax then

46: tMax =tMaxZ

47: end if

48: // Intersection, return true, tMin and tMax.
49: return (true,tMin,tMax)

given viewpoint, the corresponding target-object mask is used as a
filter on the NeRF-generated volume data. These silhouettes (sten-
cils), captured from multiple angles, serve as guides that determine
which screen points should be used to cast rays through the volume
using the Ray—Voxel Intersection Traversal algorithm. This process
discards irrelevant voxels and isolates the target object within the
volume.

The 3D stenciling procedure operates as follows. For each pixel
that is empty in the mask image (see Fig. 3, black regions) but filled
in the base raster image, a ray is cast into the volume. These rays
traverse the volume and clear all voxels along their paths. The cam-
era then orbits around the volume, repeating this noise-clearance
process at predefined angular increments until a full rotation is com-
pleted, as shown in Fig. 4. The results before and after stenciling
are shown in Fig. 5.

Require: o, d, volumeSize
1: Initialize path as an empty list.
2: Calculate (intersection,tmin,tmax) using the RayBoxIntersection algo-
rithm.

3: if not intersection then

4 return null

5: else

6: if tmin < 0 then

7 tmin =0

8 end if

9 Compute current voxel positions tVoxel, . and direction of steps

stepy.y as 1 if the ray’s direction is positive, otherwise -1.

10: voxelMaxy.y,. = tVoxely y, X volumeSize

11: tMaxy,y, = tmin+ 7(""”[}‘4‘2“"’:"70‘"”)

12:  tDeltay,, = ﬁ

13: while x < volumeSize and x > 1 and y < volumeSize and y >

1 and z < volumeSize and z > 1 do

14: Add the current voxel coordinates (x,y,z) to the path.
15: if tMax, < tMaxyandtMax, < tMax, then

16: X+ = stepy

17: tMax,+ = tDeltay

18: else if tMax, < tMax, then

19: y+ = stepy

20: tMaxy+ = tDeltay
21: else
22: z+ = step;
23: tMax,+ = tDelta;
24: end if
25: end while
26: end if

27: return path // Return traversed path.

ML Model

Figure 2: 2D masking of a target object inside the rendered volume.

3.3.2 Silhouette-Based Volume Refinement Algorithm (S-
VOLREF)

In the noise-clearance step, the method called stenciling leverages
the target-object mask to eliminate noise and unnecessary voxels in
the NeRF-generated volumetric scene. This process relies on ac-
curate segmentation of the target object. However, noise removal
alone is insufficient for extracting a high-quality mesh or achiev-
ing photorealistic volumetric rendering, because NeRF’s approxi-
mation can introduce inaccuracies, defects, and holes in the recon-
structed object.

To address these issues, we introduce a silhouette-based volume
refinement technique that follows a similar workflow to stenciling.
This refinement uses masks of the 3D volume object derived from
2D images captured from different angles, produced by a trained
machine-learning segmentation model. The volume refinement step
differs from stenciling in how the base raster image and the mask
image are compared. As in stenciling, we perform a pixel-by-pixel
comparison between the rendered volume’s base raster image and
the mask image. However, the goal here is to identify pixels that
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Figure 4: Camera orbital rotation around the volume.

should be filled but are currently empty in the volume, rather than
pixels that should be cleared. By doing so, we improve the volumet-
ric representation of the target object by filling holes and refining
defects. This improvement enables more accurate mesh extraction
from the refined volume using the Marching Cubes algorithm.

3.3.3 Filling Holes and Refining Defects

Filling holes and refining defects in the volumetric rendering is a
key part of the volume refinement process. Such imperfections may
arise from errors in the initial 2D image acquisition or from limi-
tations of the NeRF reconstruction. The objective of this stage is
to improve the quality and accuracy of the volumetric representa-
tion, thereby enabling extraction of a higher-quality 3D mesh using
an isosurface extraction method, specifically the Marching Cubes
algorithm.

In this stage, the 2D masks of the 3D volume object are used
again. Unlike the stenciling (noise-reduction) stage, which removes
voxels that do not belong to the target object (including noisy vox-
els), the volume refinement algorithm focuses on identifying and
filling holes and missing parts within the target object’s volumetric
data. To achieve this, a pixel-by-pixel comparison is performed be-
tween the base image of the rendered volume and the corresponding
mask image. The algorithm compares the current state of the vol-
ume (represented by the base image) with the expected state (repre-
sented by the mask). If a pixel is empty in the base image but should
be filled according to the mask, the algorithm casts a voxel-filling
ray from the corresponding screen-space pixel through the volume.
Fig. 6 and Fig. 7 illustrate this process. The resulting improvement
in the quality of the extracted mesh is illustrated in Fig. 8, which
compares the meshes reconstructed from the raw and refined vol-
umes.

3.3.4 Intensity and Color Sampling

After identifying suitable coordinates for filling, the algorithm com-
putes the intensity of each filled voxel, taking into account the char-
acteristics of volumetric data and rendering. Various methods can
be used to assign voxel intensity. One simple approach is to use

959

a predetermined constant value for all filled voxels. However, our
goal is to compute an intensity for each filled voxel that closely
matches its neighborhood by blending the intensities and colors of
neighboring voxels.

Each filled voxel should integrate smoothly into its surroundings,
filling holes and refining the volume while preserving the photore-
alistic quality of the rendering. Upon completion of the refinement
process, the modified regions should blend seamlessly with the rest
of the volume. Additionally, when correcting defects in the 3D vol-
umetric representation, it is crucial to preserve the original structure
of the volume. Therefore, we employ an appropriate stopping con-
dition to prevent rays from overfilling voxels and potentially alter-
ing the object’s structure. This stopping criterion helps preserve
the object while refining its representation using neighborhood-
informed intensity values.

3.3.5 Overfilling Voxel Elimination

To prevent overfilling and prioritize hole filling and defect refine-
ment, we use intensity values together with a threshold. These val-
ues, coupled with a threshold, ensure that the volume is filled appro-
priately without excessive growth. The neighbor-blending method
adjusts intensity values gradually outward from the filled voxel,
which helps prevent overfilling. In addition, we employ a neighbor-
count threshold to avoid unnecessary filling, ensuring that only vox-
els with a sufficient number of neighboring voxels are filled during
the refinement process.

3.3.6 Hollowing Stage

After refining the volume and before applying mesh extraction tech-
niques, the hollowing stage follows. This stage creates a hollow
version of the refined object, simplifying the volume and prepar-
ing it for efficient mesh extraction using the Marching Cubes algo-
rithm [14]. Hollowing removes internal voxels that do not belong to
the external surface of the object, retaining only voxels that define
the outer boundary.

Hollower rays are cast from the pixel coordinates of the mask
used in previous steps through the volume, covering a full 360-
degree view across two axes. Each ray marks the first encountered
voxels as surface voxels. After all rays have been cast, the algorithm
removes unmarked (interior) voxels and preserves the marked vox-
els that define the outer surface of the object. At the end of the
hollowing stage, a simplified volume representation remains, ready
for the isosurface extraction step, with voxels primarily defining the
external surface of the object.

Following the volume refinement process, the algorithm pro-
duces refined volumetric data of the target object for subsequent
processing. The refined volume is then passed to the Marching
Cubes algorithm to extract isosurfaces and generate the polygonal
mesh of the target model.
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3.3.7 Mesh Extraction

Extracting a polygonal mesh from a 3D discrete scalar field, such
as 3D volume grid data, is a challenging task. The Marching Cubes
algorithm was developed to address this challenge and has become
the de facto standard isosurface extraction algorithm in scientific vi-
sualization. It is widely employed in various fields, including med-
ical imaging (e.g., magnetic resonance imaging (MRI), computed
tomography (CT), and single-photon emission computed tomogra-
phy (SPECT)), where it constructs triangle models from 3D volume
data. These modalities produce volumetric data similar to that used
in this study. In our pipeline, Marching Cubes is used to extract a
polygonal mesh from the refined volume produced in earlier steps.

Reconstructed Mesh from Refined Volume via S-VOLREF

Reconstructed Mesh from Raw Volume

Figure 8: Reconstructed mesh from raw volume without applying
silhouette-based volume refinement on the left, reconstructed mesh
from refined volume using silhouette-based volume refinement algo-
rithm (S-VOLREF).

However, the raw mesh produced by Marching Cubes typically
appears blocky and rough rather than smooth and continuous be-
cause it approximates the surface using discrete cubes (voxels).
Consequently, additional processing steps, including smoothing al-
gorithms, are required to refine the output mesh.

3.3.8 Mesh Smoothing

After the refined volume data is processed by the Marching Cubes
algorithm, it produces a polygonal mesh representing the 3D object.
As mentioned earlier, the raw mesh often appears jagged due to
discretization in the Marching Cubes process.

To reduce roughness caused by curvature and improve the sur-
face quality of the raw mesh, we employ Laplacian smoothing [22],

960

Authorized licensed use limited to: University of Oklahoma Libraries. Downloaded on May 08,2026 at 02:46:18 UTC from IEEE Xplore. Restrictions apply.



p;: Position of vertex i

p; = (X4.¥3-2)

i

Figure 9: 2D representation of Laplacian smoothing.

a widely used technique in mesh processing. This method aims to
minimize the Laplacian error, which measures local curvature at
each vertex. Specifically, the Laplacian value is computed as the
distance between a vertex position and the average position of its
neighboring vertices. Laplacian smoothing is applied to each ver-
tex as follows:

1
N !
J

M=

pi= pj (6)

1

where p/ is the new position of vertex i, p; is the position of
the j-th neighbor of vertex i, and N is the number of neighboring
vertices of vertex i.

An exemplary visualization of Laplacian smoothing is illustrated
in Fig. 9.

The algorithm iterates over the mesh vertices with the objective
of minimizing the Laplacian value, typically controlled by a prede-
fined number of iterations or a stopping threshold. However, there
is a trade-off between visual smoothness and the preservation of
surface details. Therefore, selecting an appropriate stopping condi-
tion is crucial.

3.3.9 Silhouette-Based 3D Mesh Refinement Algorithm (S-
MREF)

As an additional stage in the pipeline after mesh generation and
smoothing, we further refine the mesh by adjusting its vertices. This
step can be viewed as a smoothing operation, but it differs from
Laplacian smoothing and other traditional techniques. Here, we
adapt the silhouette-based volume refinement approach used earlier
in the pipeline to operate on polygonal meshes. The goal is to refine
and smooth the surface, particularly by reducing irregularities in
specific regions of the mesh.

The process casts rays from the viewpoint of the 2D mask onto
the 3D mesh, targeting vertices that contribute to surface irregulari-
ties. Specifically, when discrepancies are detected between the base
2D projection of the mesh and the 2D mask from that viewpoint,
the algorithm casts a ray from the corresponding pixel coordinate
through the mesh. The vertex closest to the intersection point of the
ray then deviates the most from the expected silhouette.

Once such vertices are identified, the algorithm displaces them
inward along their normal vectors. To avoid introducing new sharp
transitions on the surface, we compute a distance-based influence
value for the surrounding vertices using a simple linear falloff func-
tion. The displacement is then applied to these neighboring vertices
proportionally to their influence values. Fig. 10 illustrates the un-
derlying equations and the resulting displacements of surrounding
vertices.

p;: Position of vertex i
h: Ray hit point position

) . ¥ O RN
N;: Normal vector of vertex i P ity 1)

Pi= pit*CN))

I;: Influence of vertex i

Dif || p;-h || < D, else 0, P'is1= Pis1 H i *(Nisp)

L= p;-h

where D is maximum distance A

Figure 10: Formulation and 2D representation of mesh refinement
algorithm.

Table 1: Specifications of 3D printer.

Printer 1

Build Volume
Layer Thickness
Technology

165 mm x 165 mm x 300 mm
110 microns, 0.004 in
Selective Laser Sintering

By adjusting the positions of vertices that contribute to bumpy
regions using the 2D silhouette, surface roughness and irregulari-
ties can be reduced, thereby improving overall mesh accuracy. The
outcome of the proposed pipeline is presented in the following sec-
tion.

4 RESULTS AND DiscussIoN

The ground truth mesh is a polygonal mesh of a 3D virtual model.
We then fabricated physical copies using a 3D printer. Ensur-
ing printer’s accuracy and the precision was crucial to minimize
printing-induced errors and enable reliable evaluation. Therefore,
we selected a 3D printer with high accuracy and precision specifi-
cations. The models were printed at three different scales: down-
scaled, original scale, and upscaled relative to the original mesh.
Fig. 11 illustrates the 3D printed models at these scales. Detailed
specifications of the 3D printer are provided in Tab. 1.

After printing the ground truth object and obtaining physical
copies, we scanned them using two different laser scanners to as-
sess the accuracy of the reconstructed meshes and compare them
against the mesh produced by our pipeline. The make, model, and
specifications of these scanners are listed in Tab. 2. To generate the
NeRF dataset for our pipeline, we used two different cameras with
distinct specifications and resolutions; the camera specifications are
given in Tab. 3.

4.1 Evaluation Metrics

We utilized three primary metrics to compare meshes generated by
our volume refinement and mesh reconstruction pipeline with the
ground truth mesh (the 3D virtual model) and meshes scanned using
physical scanners. These comparisons quantify the accuracy and
reliability of our volume and mesh refinement pipeline. The evalu-
ation metrics include Average Point Cloud Distance (A-PCD) and
Hausdorff Distance (HD). Additionally, we implemented a shader-
based metric to quantify the percentage of the mesh surface affected
by holes and defects. To ensure accurate alignment with the ground
truth, we used the Iterative Closest Point (ICP) algorithm [4] during
the A-PCD and HD evaluations.

A-PCD measures the average distance between corresponding
points in a given mesh and the ground truth mesh. After con-
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Table 2: Specifications of scanners.

Low-cost Scanner High-cost Scanner

0.43 mm
180 mm x 250 mm
HD CMOS sensor, and 2 lasers

0.04 mm
240 mm x 310 mm
2 monochrome cameras with LEDs

Scan Accuracy
Maximum Scan Size
Optics

-

Figure 11: 3D printed models of various sizes.

verting the input meshes to point clouds, we sample a predefined
number of points from each point cloud. A smaller A-PCD indi-
cates higher similarity between the ground truth mesh used for 3D
printing and the meshes generated by our pipeline or obtained from
scanner measurements of the printed models.

However, A-PCD is sensitive to variations in point sampling
and distribution. Therefore, we also report the Hausdorff Distance
(HD), which captures the maximum deviation between two point
clouds. Specifically, HD represents the greatest distance from a
point in one sample to the closest point in the other sample among
the sampled points. The formulas for A-PCD and HD are presented
in Equation 7-9.

Let,

P={p1,p2;p3,---,pn} and P ={p},ph,ps,....p,} (7
be two point clouds with n sample points in 3D space. Then, A-
PCD is defined in Equation 8, and HD is defined in Equation 9.

1 n
APCD PP 722 (mll’l ||[)Z p;”)) (8)
i=1
n n ,
mix ( min (|lpi =) ),
HD (P,P') = max )

max I'nnll’l(H i—pill)
U pPi—pj

The mesh reconstructed from the NeRF volume using march-
ing cubes, without applying our volume refinement, often exhibits
defects and holes. Therefore, a key objective of our volume refine-
ment algorithm is to mitigate such surface artifacts. To quantify
the effectiveness of our method in preventing surface defects, we
introduce a metric named Shader-Based Hole Detection on Mesh
Surface (S-HDMS). This metric leverages back-face culling [2] to
evaluate holes, defects, and overall surface integrity.

S-HDMS distinguishes front and back faces of a 3D mesh by
coloring vertices based on the dot product between the surface nor-
mal and the camera view direction. After rendering the mesh, we
apply the Flood Fill algorithm [8] to separate the outer background
from the rendered model region across multiple viewpoints. We
then compute the percentage of hole pixels, which correspond to
pixels that reveal the background or back-facing regions.

In Equation 10, C(v) represents the color assigned to vertex v
based on 7 - ¥, which reflects the angle between the surface normal
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and the view direction. After flood filling the background, we count
the pixels corresponding to holes as shown in Equation 11.

C(v) = color(7i - V) (10)

Number of hole pixels

(I

Percentyles = : ; i
Holes ™ Total number of pixels in the model region

The results for these metrics are presented in the following sec-
tion.

4.2 Results

The A-PCD and HD evaluation results are presented in Tabs. 4
to 6. Tab. 4 compares the meshes of downscaled 3D printed models
scanned with 3D scanners, the raw mesh directly constructed from
the NeRF volume, and the mesh refined by our volume refinement
algorithm. Both the raw mesh and our refined mesh use volumes
with identical bounding-box sizes. Tab. 5 presents the results for
the original-scale model, while Tab. 6 shows the results for the up-
scaled model.

The high error rates in the raw NeRF mesh primarily stem
from volumetric noise, which our algorithm addresses through
silhouette-based noise removal techniques. In comparison, physical
scanners exhibit poorer performance when scanning upscaled mod-
els due to fixed scanning environments and limited coverage. Our
pipeline, by contrast, is scale-free, enabling it to handle large-scale
objects without such restrictions. Tab. 7 illustrates the effectiveness
of our mesh refinement algorithm, demonstrating a reduction in A-
PCD and HD values toward the ground truth when applying our
S-VOLREF method.

Additionally, Tab. 8 presents the percentages of holes and defects
in reconstructed meshes based on S-HDMS. High-quality scanners
and some reconstruction workflows often leave noticeable holes
due to coverage limitations or data noise. Our volume refinement
algorithm effectively addresses these issues. Fig. 12 showcases the
resulting meshes, highlighting that our silhouette-guided pipeline
delivers clean, hole-free surfaces even under challenging condi-
tions.

As a further comparison, we evaluated NeuS [24], a state-of-the-
art neural surface reconstruction technique, on our dataset. Using
default parameters provided in the NeuS codebase, we trained NeuS
for approximately eight hours on an NVIDIA RTX 4070 Ti Super.
Despite the extensive training, NeuS yielded poor reconstruction
quality on our complex human dataset (see Fig. 12), resulting in
high average point-to-point and Hausdorft distances. A-PCD and
HD comparisons between the NeuS reconstruction and our mesh
are reported in Tab. 7. This contrast underscores the robustness of
our approach. While NeuS and similar methods may excel on con-
trolled or synthetic benchmarks, they can struggle with real-world
complexities. In scenarios where these advanced methods fail, our
silhouette-guided pipeline demonstrates its effectiveness and relia-
bility in producing accurate, hole-free meshes.

5 CONCLUSION

The silhouette-based volume refinement algorithm introduced in
this research, together with a 3D mesh reconstruction pipeline that
applies the state-of-the-art neural rendering method Neural Radi-
ance Fields (NeRF) to volumetric data, addresses the challenges
of reconstructing 3D meshes from 2D images. The pipeline inte-
grates key techniques such as silhouette-based noise removal, ex-
traction of object-specific volumetric renderings, and refinement of
volumetric representations. Together, these techniques enable the
accurate reconstruction of 3D meshes from 2D image data.

Our pipeline achieved significant improvements in the quality
of reconstructed 3D meshes. Through quantitative comparisons,
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Table 3: Specifications of cameras.

Camera 1

Camera 2

Modules
PDAF, 2x optical zoom
720x1280 pixels

30 frames/second

Video Frame Size
Video Frame Rate

12 MP, {/1.8, 28mm (wide), PDAF, OIS, 12 MP, {/2.8, 57mm (telephoto),

64 MP, {/1.8, 26mm (wide), 1/1.77, 0.8um, PDAF, OIS, 12 MP, /2.2, 123
degree (ultrawide), 1.12um, 5 MP, £/2.4, (macro), 5 MP, {/2.4, (depth)
1080x1920 pixels

30 frames/second

Ground Truth High-Cost Scanner Low-Cost Scanner Neus ours
] T . .
4 b 4 A ' 4 « ‘4 b
/ r . ‘ ’ \
a » 4 . ¢ 5 \_/ v .

Figure 12: Mesh results.

Table 4: A-PCD and HD metrics of meshes reconstructed from down-
scaled 3D printed models.

Table 6: A-PCD and HD metrics of meshes reconstructed from up-
scaled 3D printed models.

Scanners/Scanning Techniques A-PCD HD Scanners/Scanning Techniques A-PCD HD

Low-Cost Scanner 1.89 9.28 Low-Cost Scanner 497 44.14
High-Cost Scanner 0.48 5.12 High-Cost Scanner 6.74 95.44
Raw NeRF + Marching Cubes, Camera 1 31.75 126.6 Raw NeRF + Marching Cubes, Camera 1 47.54 217.84
Raw NeRF + Marching Cubes, Camera 2 27.36 137.97 Raw NeRF + Marching Cubes, Camera 2 42.18 210.64
S-VOLREEF, Camera 1 1.02 8.55 S-VOLREF, Camera 1 2.09 36.92
S-VOLREEF, Camera 2 0.86 13.61 S-VOLREF, Camera 2 1.86 16.82

Table 5: A-PCD and HD metrics of meshes reconstructed from
original-scale 3D printed models.

Scanners/Scanning Techniques A-PCD HD
Low-Cost Scanner 2.28 10.64
High-Cost Scanner 0.53 6.33
Raw NeRF + Marching Cubes, Camera 1 38.17 154.32
Raw NeRF + Marching Cubes, Camera 2 11.96 119.77
S-VOLREF, Camera 1 1.00 11.05
S-VOLREF, Camera 2 0.84 9.99

we validated the effectiveness of our volume and mesh refinement
algorithms using metrics such as Average Point Cloud Distance,
Hausdorff Distance, and a shader-based hole-percentage measure
on the mesh surface. These results demonstrate that our approach
enables precise mesh extraction by eliminating noise and refining
volumetric representations.

The improved results obtained with our approach also indicate
room for further improvement. In future work, we aim to integrate
more advanced machine learning models that provide higher preci-
sion in object masking and better completion of missing parts in 2D
images. Such models would further improve the efficiency of our
noise removal, S-VOLREF, and S-MREF stages.

In summary, Silhouette Sculptor advances automated and ac-
curate 3D mesh reconstruction from 2D images. The proposed
pipeline and algorithms provide a foundation for further improve-
ments and have potential applications in medical imaging, video
games, and industrial manufacturing.

Table 7: A-PCD and HD comparison of raw mesh, NeuS recon-
structed mesh, volume refined mesh, and both volume and mesh
refined mesh (Camera 2).

Method/Technique A-PCD HD
Raw NeRF + Marching Cubes, Camera 2 11.96 119.80
NeuS, Camera 2 18.36 104.86
S-VOLREEF, Camera 2 0.84 10.06
S-VOLREF + S-MREF, Camera 2 0.80 9.98

Table 8: Hole percentage (%) of reconstructed meshes based on
S-HDMS for different scanners/techniques and model scales.

Scanner/Technique ~ Downscaled Model ~ Original Scale Model ~ Upscaled Model

Low-Cost Scanner 0.20 0.11 0.09

High-Cost Scanner 1.49 1.48 4.44

Raw 8.18 10.41 14.94

Our Algorithms 0.07 0.04 0.02
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