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Preface

The present reprint includes eleven papers focusing on geometry reconstruction from images.
The contributions address several well-known challenges in the field, offering insightful advances
on a wide range of topics such as underwater constraints, dynamic scenes, neural methods, medical
imaging, and multi-view reconstruction. We sincerely thank all the authors for their valuable work,
which continues to push the boundaries of accurate geometry reconstruction under constrained

conditions.

Daniel Meneveaux
Guest Editor
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Editorial on the Special Issue “Geometry Reconstruction from
Images (2nd Edition)”

Daniel Meneveaux

XLIM Institute, UMR CNRS 7252, University of Poitiers, 86073 Poitiers, France;
daniel. meneveaux@univ-poitiers.fr

In recent decades, research has produced impressive methods for recovering geometric
information from real objects [1,2], laying the fundamental foundations for further studies
in robotics, industry, medicine, architecture, and visualization approaches. The subject
remains a very active field in computer vision, among many other scientific areas. Research
advances have long been transferred to industry, but new trends and challenges contin-
uously emerge [3,4], with new sensors, faster computation hardware, and the growing
demand for increasingly accurate detail capture. Furthermore, applications for the general
public are now appearing, for instance with 3D reconstruction available on mobile phones.

Alongside visualization techniques, machine learning has also increased the quality
of reconstruction methods, with approaches such as NeRFs or Gaussian Splatting, which
are addressed in this Special Issue. Some specific aspects still require more in-depth
fundamental research, such as the management of specular surfaces or accuracy issues in
underwater environments.

The 11 articles published in this second edition (https://www.mdpi.com/journal/
jimaging/special_issues/55A1X64G0H, accessed on 25 September 2025) tackle several
very interesting challenges: reconstructions of objects known for their complexity [5],
underwater environments where distortions make depth estimation difficult, interactive
systems and dynamic scenes, analyses of existing reconstruction techniques [6], and deep
learning approaches.

List of contributions:

The first article, “Adaptive High-Precision 3D Reconstruction of Highly Reflective
Mechanical Parts Based on Optimization of Exposure Time and Projection Intensity” by
Ci He, Rong Lai, Jin Sun, Kazuhiro Izui, Zili Wang, Xiaojian Liu, and Shuyou Zhang,
focuses on reconstructing mechanical parts with highly reflective surfaces. The proposed
method relies on an adaptive 3D reconstruction approach that optimizes exposure time
and projection intensity, while being further adjusted to the linear dynamic range of
the hardware. The resulting image sequence is fused using a combination of a Genetic
Algorithm and the Stochastic Adam optimizer to maximize image information entropy.
The authors experimentally validate their approach on three sets of typical mechanical
components, each with diverse geometric characteristics and varying levels of complexity.

The second article, “Impact of Data Capture Methods on 3D Reconstruction with
Gaussian Splatting”, by Dimitar Rangelov, Sierd Waanders, Kars Waanders, Maurice van
Keulen, and Radoslav Miltchev, investigates how different filming techniques influence the
quality of 3D reconstructions for indoor crime scene investigations. The authors examine
the impact of factors such as camera orientation, filming speed, data layering, and scanning
path on the detail and clarity of 3D reconstructions using Neural Radiance Fields (NeRFs)

J. Imaging 2025, 11, 339 1 https://doi.org/10.3390/jimaging11100339
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and Gaussian Splatting. They identify optimal filming methods that help reduce noise
and artifacts, and provide valuable guidelines for professionals in forensics, architecture,
and cultural heritage preservation to capture realistic, high-quality 3D representations.
The study also highlights opportunities for future research, particularly in exploring other
algorithms, camera parameters, and real-time adjustment techniques.

In the third article, “Robot-Based Procedure for 3D Reconstruction of Abdominal
Organs Using the Iterative Closest Point and Pose Graph Algorithms”, by Birthe Gobel,
Jonas Huurdeman, Alexander Reiterer and Knut Moller, a procedure is proposed for a
robot-based multi-view 3D reconstruction with pose optimization algorithms. In this
work, a robotic arm and a stereo laparoscope build the experimental setup. The procedure
includes stereo matching for depth measurement and the multiscale color iterative closest
point algorithm, along with multiway registration for pose optimization. The procedure
is evaluated quantitatively and qualitatively on ex vivo organs. The proposed procedure
leads to a plausible 3D model, without hand—eye calibration.

The article “Fitting Geometric Shapes to Fuzzy Point Cloud Data”, by Vincent B.
Verhoeven, Pasi Raumonen, and Markku Akerblom, presents procedures and analysis
on the reconstruction of geometry-derived data and its associated uncertainty. Instead
of treating the data as a discrete point cloud, the authors consider it as a continuous
fuzzy point cloud. They introduce a novel approach based on the expected Mahalanobis
distance, which is illustrated using laser scanning data of a cylinder. Its performance is
compared to that of the conventional least squares method, both with and without random
sample consensus (RANSAC). The proposed method achieves a more accurate geometric fit,
albeit generally with greater uncertainty, and demonstrates strong potential for geometry
reconstruction from laser-scanned data.

The article “Arbitrary Optics for Gaussian Splatting Using Space Warping”, written by
Jakob Nazarenus, Simin Kou, Fang-Lue Zhang, and Reinhard Koch, addresses the camera
models employed in the context of 3D Gaussian Splatting. The authors propose a method
to handle arbitrary camera optics, such as highly distorting fisheye lenses. Their approach
applies a differentiable warping function to the Gaussian scene representation. They also
introduce a learnable skybox for the specific case of outdoor scenes.

The article “A Mathematical Model for Wind Velocity Field Reconstruction and Visu-
alization Taking into Account the Topography Influence”, by Guzel Khayretdinova and
Christian Gout, proposes a global model for vector field approximation from a given finite
set of vectors (corresponding to wind velocity fields or marine currents). The minimization
process relies on a Hilbert space energy functional that includes both a data fidelity term
and a smoothing term. The continuous problem is then discretized, and topographic effects
are incorporated into the wind velocity field.

The article “Multi-Head Attention Refiner for Multi-View 3D Reconstruction”, by
Kyunghee Lee, Ihjoon Cho, Boseung Yang, and Unsang Park, introduces a post-processing
method called the Multi-Head Attention Refiner (MA-R), designed to improve the handling
of object edges during the reconstruction process. The method integrates a multi-head
attention mechanism into a U-Net-style refiner module. The proposed approach signifi-
cantly enhances the reconstruction performance of Pix2Vox++ when multiple input images
are used.

The article “Three-Dimensional Reconstruction of Indoor Scenes Based on Implicit
Neural Representation”, by Zhaoji Lin, Yutao Huang, and Li Yao, addresses the problem
of indoor scene reconstruction. The authors propose a 3D reconstruction method that
combines Neural Radiance Fields (NeRFs) and Signed Distance Function (SDF) implicit
representations. The volume density of the NeRF is leveraged to provide geometric
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information for the SDF field, while the learning of geometric shapes and surfaces is
further enhanced through an adaptive normal prior optimization process.

The article “Single-Image-Based 3D Reconstruction of Endoscopic Images”, by Bilal
Ahmad, Pal Anders Floor, Ivar Farup, and Casper Find Andersen, addresses 3D reconstruc-
tion from wireless capsule endoscopes (WCEs) designed for the examination of the human
gastrointestinal (GI) tract. The authors propose a single-image reconstruction method
using an artificial colon captured with an endoscope that mimics the behavior of a WCE.
A Shape-from-Shading (SFS) algorithm reconstructs the 3D shape after geometric and
radiometric calibration.

The article “Neural Radiance Field-Inspired Depth Map Refinement for Accurate
Multi-View Stereo”, by Shintaro Ito, Kanta Miura, Koichi Ito, and Takafumi Aoki, proposes
a method to refine depth maps obtained by Multi-View Stereo (MVS) through iterative
optimization of Neural Radiance Fields (NeRFs). The proposed approach combines MVS
and NeRFs to leverage the strengths of both in depth map estimation and employs NeRFs
for depth map refinement. To further improve accuracy, the authors introduce a Huber
loss into the NeRF optimization, which reduces estimation errors in the radiance fields by
constraining errors larger than a threshold. The method is evaluated against conventional
approaches, including COLMAP, NeRF, and DS-NeRF.

The article “Fast Data Generation for Training Deep-Learning 3D Reconstruction
Approaches for Camera Arrays”, by Théo Barrios, Stéphanie Prévost, and Céline Loscos,
focuses on 3D reconstruction from images captured by multi-camera arrays. The authors
present a fully virtual data generator for creating large training datasets that can be adapted
to any camera array configuration. The generator builds virtual scenes by randomly
selecting objects and textures while following user-defined parameters such as disparity
range or image properties (e.g., resolution, color space). Its effectiveness is validated
by testing the generated datasets with established deep learning methods and depth
reconstruction algorithms.

Conflicts of Interest: The author declares no conflicts of interest.

References

1. Zhou, L.; Wu, G.; Zuo, Y.; Chen, X.; Hu, H. A Comprehensive Review of Vision-Based 3D Reconstruction Methods. Sensors 2024,
24,2314. [CrossRef] [PubMed]

2. Yang,].;Sax, A.; Liang, K.J.; Henaff, M.; Tang, H.; Cao, A.; Chai, J.; Meier, F; Feiszli, M. Fast3R: Towards 3D Reconstruction of
1000+ Images in One Forward Pass. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), Nashville, TN, USA, 10-17 June 2025; pp. 21924-21935.

3. Chen, D;Li, H; Ye, W.; Wang, Y,; Xie, W.; Zhai, S.; Wang, N.; Liu, H.; Bao, H.; Zhang, G. PGSR: Planar-Based Gaussian Splatting
for Efficient and High-Fidelity Surface Reconstruction. IEEE Trans. Vis. Comput. Graph. 2025, 31, 6100-6111. [CrossRef] [PubMed]

4. Cui, B.; Tao, W.; Zhao, H. High-Precision 3D Reconstruction for Small-to-Medium-Sized Objects Utilizing Line-Structured Light
Scanning: A Review. Remote Sens. 2021, 13, 4457. [CrossRef]

5. Lee, K,; Cho, I; Yang, B.; Park, U. Multi-Head Attention Refiner for Multi-View 3D Reconstruction. J. Imaging 2024, 10, 268.
[CrossRef]

6. Rangelov, D.; Waanders, S.; Waanders, K.; Keulen, M.V.; Miltchev, R. Impact of Data Capture Methods on 3D Reconstruction with
Gaussian Splatting. |. Imaging 2025, 11, 65. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.



Journal of

Imaging WVI\D\Py

Article
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Abstract: This article is used to reconstruct mechanical parts with highly reflective surfaces.
Three-dimensional reconstruction based on Phase Measuring Profilometry (PMP) is a key
technology in non-contact optical measurement and is widely applied in the intelligent
inspection of mechanical components. Due to the high reflectivity of metallic parts, direct
utilization of the captured high-dynamic-range images often results in significant infor-
mation loss in the oversaturated areas and excessive noise in the dark regions, leading to
geometric defects and reduced accuracy in the reconstructed point clouds. Many image-
fusion-based solutions have been proposed to solve these problems. However, unknown
geometric structures and reflection characteristics of mechanical parts lead to the lack of
effective guidance for the design of important imaging parameters. Therefore, an adaptive
high-precision 3D reconstruction method of highly reflective mechanical parts based on
optimization of exposure time and projection intensity is proposed in this article. The
projection intensity is optimized to adapt the captured images to the linear dynamic range
of the hardware. Image sequence under the obtained optimal intensities is fused using an
integration of Genetic Algorithm and Stochastic Adam optimizer to maximize the image
information entropy. Then, histogram-based analysis is employed to segment regions
with similar reflective properties and determine the optimal exposure time. Experimental
validation was carried out on three sets of typical mechanical components with diverse
geometric characteristics and varying complexity. Compared with both non-saturated
single-exposure techniques and conventional image fusion methods employing fixed atten-
uation steps, the proposed method reduced the average whisker range of reconstruction
error by 51.18% and 25.09%, and decreased the median error by 42.48% and 25.42%, respec-
tively. These experimental results verified the effectiveness and precision performance of
the proposed method.

Keywords: 3D reconstruction; highly reflective mechanical parts; multi exposure; image
fusion; machine vision

1. Introduction

Three-dimensional profilometry based on structured light techniques has become
increasingly prevalent in fields such as advanced manufacturing, quality inspection [1-3],
intelligent surgery [4], and virtual reality [5], because of its advantages of non-contact

J. Imaging 2025, 11, 149 https://doi.org/10.3390/jimaging11050149
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operation, full-field measurement, high precision, and efficiency. Phase Measuring Pro-
filometry (PMP) is a widely used frequency encoding method that extracts depth infor-
mation by analyzing the phase shift resulting from variations in the height of an object’s
surface. PMP mitigates the common information loss issue in spatial encoding methods
and has advantages in reconstruction efficiency and flexibility compared with temporal
encoding techniques.

High-quality, high-precision 3D reconstruction relies on high-quality images, which
are, however, significantly influenced by surface reflective properties. There are both highly
reflective, polished surfaces and rough, diffuse surfaces in mechanical components, so light
observed from a metal surface is obtained after both specular and diffuse reflections. It is
difficult to obtain information about all surfaces optimally and simultaneously with a single
exposure. We usually increase the exposure to capture details on non-polished surfaces,
which results in changes to the encoding information of structured light or exceeding the
sensor’s response range. Reconstruction error or information loss would happen in the
saturation area. If the exposure is reduced to recover 3D information on bright, polished
areas, the signal-to-noise ratio (SNR) significantly drops in dark regions, leading to large
decoding errors and reconstruction accuracy loss. This disparity negatively impacts the
efficiency and accuracy of PMP-based 3D profilometry using single-frame projected images.

Various solutions have been proposed to enhance the accuracy of PMP-based 3D
profilometry considering the multi-reflection characteristics. Major techniques include
polarization filter, adjustment of the intensity of projection patterns, multi-exposure-based
methods, phase compensation method, deep learning-based method, improved coding
method, and color invariant method [6].

One existing method is the use of a polarization filter to extend polarization informa-
tion from conventional intensity, frequency, and coherence. Salahieh et al. [7] proposed
a multi-polarization fringe projection imaging technique to eliminate saturated or low-
contrast fringe regions by optimizing combinations of polarization angles and exposure
times. Huang et al. [8] proposed a polarization-coded structured light system designed to
enhance both efficient 3D reconstruction and polarimetric target detection. By estimating
the degree of linear polarization, targets within the scene were effectively distinguished
and reconstructed with high efficiency. Xiang et al. [9] introduced a polarization spatial
phase-shifting technique using two orthogonally positioned filtered projectors to cast si-
nusoidal fringe patterns with distinct phase shifts onto the measured metal surfaces. To
ensure accurate alignment of the projected patterns, a fringe registration method based on
the epipolar geometry between the projectors was also developed. Zhu et al. [10] proposed
a polarization-enhanced fringe pattern method to achieve high dynamic range imaging in
a single exposure. The degree of linear polarization is precisely calculated by leveraging
the polarization properties of reflected light and a fixed-azimuth linear polarizer. They
further extended the approach to build a structured light encoding model in Zhu et al. [11],
utilizing the superposition of multiple polarization states. This method enables the genera-
tion of polarized structured light containing phase information without the need to rotate
the polarizer.

To overcome the image saturation problem in 3D reconstruction, methods for adjusting
the intensity of projection patterns have been proposed. Li et al. [12] introduced an adaptive
fringe pattern projection method to dynamically adjust the projector’s maximum input gray
levels based on the local reflectivity of the target surface. In this approach, regions with high
reflectivity were illuminated using lower intensity levels to prevent image saturation, while
regions with low reflectivity received the highest possible intensity to ensure sufficient
intensity modulation for accurate measurement. Li et al. [13] presented an adaptive
digital fringe projection technique to calculate the proper intensity for each projector
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pixel using binary search. The calculation process is simplified compared with previous
adaptive techniques because there is no need to obtain the camera response function and
homographic mapping between the camera and projector. Chen et al. [14] advanced the
fringe projection method to achieve high measurement accuracy. They projected three sets
of orthogonal color fringe patterns and a sequence of uniform gray-level patterns with
different gray levels onto a measured surface, and captured the deformed patterns by a
camera from a different viewpoint. Xu et al. [15] combined adaptive fringe projection
with the curve fitting method to compensate for highly reflective surfaces. The optimal
light intensity coefficient template of the projection image was calculated to adaptively
adjust the projected light intensity based on the pixel mapping and the coefficient template.
The 3D reconstruction results were compensated by curve fitting in the horizontal and
vertical directions. Zhang et al. [16] projected a small number of uniform grayscale pattern
sequences to mark the saturated area and calculate the surface reflection factor and the
environment factor of individual pixels. A surface coefficient look-up table was created to
calculate the optimal projection intensities of pixels in the saturated regions.

Multi-exposure-based methods improve the quality of the fringe pattern by fusing
images acquired at different exposure times. Zhang et al. [17] presented a rapid and fully
automatic exposure time determination method by analyzing the texture image acquired by
the camera. The reflectivity of the object surface was estimated through a single exposure
to determine the global optimal exposure time. Jiang et al. [18] proposed a high dynamic
range fringe acquisition to solve the problem caused by a high-reflective surface. They
developed a fringe image fusion algorithm to prevent saturation and under-illumination
by selecting pixels with the highest fringe modulation intensity from the raw fringe images.
Cui et al. [19] introduced a multiple-exposure adaptive selection algorithm. Exposure
time nodes are adaptively selected based on the relative irradiance value to cover the
highest and lowest gray value of the fringe image. The information entropy theory is
introduced in Chen et al. [20] to adaptively optimize the initial exposure value through
feature analysis of fringe image entropy. An effective exposure sequence is then generated
using the dichotomy method. Zhu et al. [21] proposed an HDR surface 3D reconstruction
method based on a shared phase demodulation mechanism and a multi-indicator guided
phase fusion strategy. Exposure quality, phase gradient smoothness, and pixel effectiveness
were included in a phase sequence fusion model to obtain an optimum phase map for final
3D reconstruction.

Phase compensation methods apply post-processing techniques to images acquired
by cameras to recover fringe pattern information that is distorted or lost due to reflec-
tive interference. Hu et al. [22] proposed a dynamic phase retrieval algorithm based on
unsaturated frame data. By defining a saturation coefficient K to analyze error character-
istics and validating the approach through simulations, the method effectively addresses
phase distortion issues arising in highly reflective surfaces or scenarios with limited dy-
namic range. Budianto et al. [23] developed a fringe projection profilometry restoration
technique based on geometry-guided iterative regularization. This method employs a
Gaussian Mixture Model to detect specular regions, generates an initial fringe structure via
geometric sketching, and iteratively refines the result using a dual-tree complex wavelet
transform. Ren et al. [24] introduced a specular reflection separation approach based on a
global color-line constraint. The method estimates illumination chromaticity by analyzing
intersection points of color lines in normalized RGB space, clusters specular-invariant vari-
ables, and separates specular components at the pixel level based on their distance to the
estimated illumination chromaticity. Chen et al. [25] proposed a high-frequency averaged
phase compensation method guided by an optimal frequency strategy. By reducing the
number of projected images and incorporating both high-frequency phase compensation
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and model-driven optimal frequency selection, the method significantly suppresses phase
errors caused by gamma nonlinearity.

In a deep learning-based method, Zhang et al. [26] designed a specialized convolu-
tional neural network that takes high dynamic range (HDR) fringe patterns with three-step
phase shifting as input, enabling accurate extraction of phase information in both low
signal-to-noise ratio (SNR) and HDR scenes. Liu et al. [27] proposed a Skip Pyramid
Context Aggregation Network (SP-CAN) to enhance fringe images captured synchronously
by a single-exposure camera, while precisely preserving encoded phase details near edges
and corners. Shen et al. [28] employed an improved UNet-based deep neural network to es-
tablish a “many-to-one” mapping, utilizing 7-phase-shifted binary fringes to acquire more
saturated fringe information, thereby enabling fast and accurate retrieval of wrapped phase
maps for HDR objects. Xi et al. [29] developed an encoder—decoder network guided by re-
flection priors to restore defective fringe patterns caused by highly reflective surfaces. This
method transforms distorted fringes into ideal patterns with uniform grayscale distribution,
effectively eliminating reflective artifacts and recovering the missing phase information.

Improved encoding methods have been developed based on advanced projection
coding strategies. Song et al. [30] proposed a structured light approach based on fringe
edges, which integrates gray code with a positive-negative fringe pattern encoding scheme.
An enhanced zero-crossing edge detector is employed to achieve subpixel-level edge
localization. Tang et al. [31] introduced a micro-phase measurement profilometry technique
that improves both the accuracy and efficiency of shape acquisition while demonstrating
strong robustness against global illumination variations. Feng et al. [32] presented a fast
3D measurement method combining dual-camera fringe projection with digital speckle
image fusion. By leveraging trifocal tensor constraints to correct phase errors in highly
reflective regions and employing a three-step phase-shifting algorithm along with subpixel
matching, the method enables efficient and high-precision 3D reconstruction of reflective
surfaces in dynamic scenes using only four projected patterns. Zhao et al. [33] developed
an adaptive checkerboard high-frequency projection technique, which integrates high-
frequency encoded patterns with complementary projection and dynamically adjusts the
projection intensity to suppress image saturation caused by specular highlights, thereby
significantly enhancing the measurement accuracy and point cloud completeness for highly
reflective surfaces.

Color-based specular highlight removal methods are primarily founded on the dichro-
matic reflection model proposed by Shafer [34], which separates specular and diffuse
reflection components by analyzing the color distribution of pixels in RGB images, thereby
facilitating the estimation of surface normals for each pixel. Benveniste et al. [35] developed
a structured light range scanner based on color invariance, employing binary, ternary, and
quaternary encoding schemes to robustly scan both glossy and matte objects under ambient
lighting conditions. Xu et al. [36] proposed an adaptive fringe projection framework based
on the dichromatic reflection model, which precisely identifies specular regions by decom-
posing specular and diffuse components. The method suppresses specular reflections by
optimizing projection intensity using a power function and restores missing information
through pixel inpainting techniques. Feng et al. [37] presented a specular highlight removal
method for light field images that combines the dichromatic reflection model (DRM) with
exemplar-based patch filling. Specular pixels are first classified using a Gaussian Mixture
Model clustering and depth-based segmentation. Non-saturated highlights are removed us-
ing a DRM confidence strategy, while saturated highlights are addressed using an exemplar
patch matching algorithm that integrates gradient and color difference constraints.

However, limits are exhibited when using the mentioned approaches to measure
mechanical components with unknown geometries and highly reflective surfaces. While
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incorporating a polarization device can effectively suppress high-reflection surfaces, it also
reduces the signal-to-noise ratio (SNR) for low-reflection surfaces. Also, precise optical
equipment and high environmental requirements are often necessary, which increases hard-
ware costs and makes it difficult to apply to mechanical industrial inspections in complex
environments. Multiple exposure techniques can enhance the SNR by integrating images
captured at varying exposure times, but they traditionally rely on the empirical knowledge
of experimentalists, which may limit the generalizability and reduce reconstruction accu-
racy. Phase compensation methods are not suitable for high-precision measurements, as
they involve complex iterative and growing processes for edge image restoration. Deep
learning-based methods offer higher efficiency but require the establishment of extensive
datasets for training. Improved encoding methods achieve high reconstruction accuracy,
but they necessitate more complex phase unwrapping techniques. Color invariance meth-
ods can produce good reconstruction results, but they are influenced by the object’s surface
color and texture. Further, adjusting the projection intensity can enhance the SNR, but it is
subject to the influence of pixel mapping errors and grayscale range limitations between
the camera and the projector.

Therefore, adjusting a single imaging parameter cannot effectively adapt to the actual
part geometry and surface reflective properties. Existing methods lack effective guidance
on the design of these important imaging parameters.

To address this problem, an adaptive high-precision 3D reconstruction of highly
reflective mechanical parts based on optimization of exposure time and projection intensity
is proposed in this paper. The projection intensity is optimized based on the linear response
range of the hardware to generate an image sequence, which is further fused through an
optimization process based on Genetic Algorithm and stochastic Adam optimizer. Region
segmentation is conducted to adapt the exposure time to surface reflective properties based
on histogram analysis.

This paper is organized as follows: Section 2 briefs the basic theory of PMP-based 3D
reconstruction. The proposed image fusion based on projection intensity optimization is
displayed in Section 3. Histogram-based analysis of the optimal exposure is demonstrated
in Section 4. In Section 5, the advantage of the proposed method is shown by three sets of
examples. Finally, conclusions and future research are given in Section 6.

2. Basic Theory of PMP-Based 3D Reconstruction

The configuration of PMP-based 3D measurement system implemented a monocular
structured light measurement architecture, as shown in Figure 1.

Camera

5—>

///
/

Computre
/ p

Figure 1. The monocular structured light measurement based on PMP.
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Ideal sinusoidal fringe patterns generated by a computer are projected onto the mea-
sured object’s surface through a Digital Light Processing (DLP) projector. Then the de-
formed fringe patterns modulated by the object’s surface geometry are synchronously
captured by a CCD camera.

The computer-generated sinusoidal fringe patterns could be expressed as:

Li(x,y) = La(x,y) + Ip(x,y)cos[p(x,y) + ], 1)

where I, (x, y) represents the average light intensity, I,(x, y) is the modulated light intensity,
¢(x,y) is the wrapped phase to be solved, ¢; is the phase shift amount of the i-th image,
i=1,23,...,N,d; =2mi/N, and N denotes the total number of phase-shifting steps. The
wrapped phase ¢(x,y) could be determined as follows:

Nt Ii(x/}/)Si”(@)]

_ Z:1:0
¢(x,y) = —arctan [Zf\i?)l Li(x,y)cos(5;)

@

After obtaining the wrapped phase, the absolute phase containing height information
could be retrieved through the heterodyne multi-frequency phase-shifting approach [38].
System calibration is then conducted following Song et al.’s method [39], in which the DLP
projector is treated as an inverse camera. The calibrated parameters contribute to geometric
reconstruction based on triangulation principles.

3. Image Fusion Based on Projection Intensity Optimization

To accurately recover information in saturated regions, existing studies typically
employ a fixed intensity attenuation step size to ensure that the saturated regions are no
longer saturated. However, this method is limited by the adaptability and often requires
manual intervention when dealing with various surfaces with diverse geometric and
material properties.

Therefore, an adaptive method for image fusion based on projection intensity opti-
mization is proposed in this section. The gist of this method is to effectively optimize
the projection intensity to ensure that the acquired images in each segmented region
remain within the mid-to-high linear response grayscale range, which is typically deter-
mined by the camera hardware. As the projection intensity decreases, the upper limit
of the best range R, is utilized to measure the change in the number of pixels in the

linear response range: binarize both the initial image I§ (Ig ) and the projected images

{I H (I ip) ‘i =12,...,N } captured by the camera, in order to extract the difference regions
Df with varying grayscale values:

D?(j):{l’ If(f)(1f> >R, i=01,...,N, 3)
Z 0, otherwise
where Ig represents the initial projection intensity, I lp is the projection intensity at iteration
i, Df is the difference mask when the projection intensity varies. From Equation (3), it
is evident that at iteration 7, the difference projection intensity I Zp are projected onto the
workpiece to compute the difference region Df. Since different segmented regions possess
distinct optimal projection intensities, they are processed separately and parallelly in
subsequent calculations.

To accurately recover information in saturated regions, the projection intensity is typi-
cally reduced gradually from 255. When the grayscale range of the difference region aligns
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with the camera’s linear response and high SNR capture interval [R;, R,], the projection
intensity is considered to achieve its optimal, which should be recognized and encour-
aged quantitatively in the optimization. Therefore, an objective function is constructed to
measure the deviation between the obtained grayscale interval and the optimal range:

g) (Il.”) = min (max(Df(j) O Ui) — Inty, Int] — min(Df(j) ©) ui))’ )

where © indicates the convolution operator. When the obtained dynamic range of the
difference image exceeds the upper limit of the optimal range or falls below the lower limit,
the objective function fp (I lp returns a large positive value. On the contrary, the objective
function would show a negative value if the dynamic range Dy falls within the optimal
range. Therefore, minimizing this objective function tends to keep the captured image in
conformation to the hardware’s optimal range.

Then, a simulated annealing algorithm is implemented in this paper to optimize
the objective function and achieve the optimal projection intensity. The main steps are
as follows:

(1) Calibrate the hardware to obtain the optimal range [R;, R,]. Set the initial projection
intensity Ig to the maximum value of 255. Acquire the baseline image IS(] ) of the j-th
()

(2) Leti = i+ 1. Calculate the i-th projection intensity using an attenuation step S,

cluster with the camera, and perform binarization to get DS . Initialize i = 0.

and conduct a physical experiment to observe the captured image of the j-th cluster
If(j ) (Ig - iS). Obtain the corresponding difference image Df(j ) and the value of
objective function fg ) (I lp ) in each cluster based on Equations (3) and (4).

(3) Randomly generate a new projection intensity ff in the neighborhood of variable
I ip. Observe the captured image fp (f ip) , and evaluate the objective function in each
cluster fg ) (f ip) to compare with the current one. If the new value is superior, accept

the new projection intensity. Otherwise, accept it with a probability P;, in which Ty
denotes the initial temperature and « is the cooling speed.

() - ()

Toat ’

©)

P =exp

(4) If the temperature has dropped below a threshold, or the optimal solution has not
been updated in multiple consecutive iterations, the iteration process is terminated.
Go to step (5). If the iteration has not been terminated and fg ) (I ip) < 0, store the
newly acquired image g ) (I lp ) , g0 back to step (2) and substitute the baseline image
1 with £ (17).

(5) Consider current I f as the optimal projection intensity. Output all the stored im-
ages as an image sequence {I},i =1,2,...,L}. Terminate the algorithm when the
optimization processes of all regions have converged.

Then, an image fusion method is proposed to recover information in saturated regions
based on the complementarity of multi-source image sequence. Image information entropy
is utilized to quantitatively evaluate the informational richness of fused images, serving as a
metric to assess the complexity of grayscale distribution statistics, as shown in Equation (6).

10
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where p; ; is the probability of grayscale j in the i-th fused image, and #; is the number
of grayscale levels. Information entropy H (I) quantifies the disorder and variability in
pixel intensity distributions. Oversaturated areas and dark areas show low information
entropy because pixels’ grayscales are clustered in high-intensity or low-intensity ranges,
while higher entropy reflects greater complexity in grayscale distributions and enhanced
preservation of fine image details.

The core challenge of image fusion lies in optimizing the retained region from each
image in the sequence to ensure that the fused image achieves maximal information entropy:.
Assume the image sequence is arranged in ascending order of its mean grayscale values. A
threshold Tl.f is applied to the segmentation of the i-th grayscale image, in which higher-
intensity regions are consistently prioritized for retention to enhance the SNR of the fused
output. The segmented region marked by D? is retained in the final fused image. The newly
acquired region marked by D7 at iteration i is consistently preserved during subsequent
image fusion operations.

1, (xy) > Tif and D;_,(x,y) = 0,
0, otherwise

D;(x,y) = { @)

Therefore, the image fusion process from the obtained image sequence {I 1=12,..., L},
can be formulated in:

1{:(Diglf)u(Dgglg)u...u@;glz), ®)

Then, the L-dimensional segmentation thresholds Tif ,i=1,2,...,L; are obtained
through a recursive process of Genetic Algorithm (GA)-based [40] global optimization and
local fine-tuning based on stochastic Adaptive Moment Estimation (S-Adam). GA explores
optimal solutions by simulating evolutionary processes. GA approaches are able to escape
local optima through their stochastic operations, while requiring substantial computational
resources and relatively slow convergence rates, especially for multi-dimensional problems.
Adam [41] shows superior converging performance in high-dimensional parameter spaces,
while remaining susceptible to local optima entrapment and sensitive to the initial value.
To overcome these limitations, a hybrid optimization framework is proposed in this paper
in which the elite solution from each GA generation serves as the initial parameter set
for Adam-based local refinement. In addition, the mini-batch gradient method is used to
achieve a balance between computational efficiency and convergence stability.

The chromosome representing segmentation thresholds {Tlf ,i=1,2,..., L} is en-
coded using a binary scheme, where each individual consists of L chromosomes. The
algorithm begins by generating an initial population, and the fitness function is constructed
based on image information entropy H (I3 ). The top K individuals with the highest fitness
values are fine-tuned through the Adam optimizer and subsequently reintroduced into the
population. The remaining individuals undergo selection using the roulette wheel method.
As the population iteratively evolves, new individuals are generated through crossover
and mutation operations. The crossover operation involves exchanging chromosomes
between two distinct parent individuals, while the mutation operation randomly alters
selected genes.

To mitigate premature convergence to local optima, the variance of population fitness is
employed as a convergence metric. The effectiveness of crossover and mutation operations
diminishes as evolutionary iterations progress and individual fitness values gradually

11
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converge. To address this challenge, an adaptive adjustment mechanism is proposed for
modifying the crossover probability p$ and mutation probability p!".

Cc pz 1
)~ st std; > std;_
plc — p271 Std —Std - l Z 2, (9)
it metd < stdi
p;'n—l std; rﬁstld Std' > Stdi 1.
pi' = i>2, (10)

Py
p?il m,std <Stdl 1

where std; is the variance of population fitness at iteration i. Probabilities p and p!" are dy-
namically tuned according to the convergence state to maintain the exploratory capability.

Adam is then implemented to fine tune the top individuals. An independent learning
rate is employed for each parameter, and is adjusted based on the first and second moment
estimation of the gradient:

my= Bymi_q + (1—B1)g:
o= Povi—1 + (1 — B2)§7
Ulmt 7 (11)

(1= B4 12 o +e)

O 1= 06r —

where m; represents the first moment of gradient g; at iteration ¢, v; is the second mo-
ment, 31 and B, are decaying speed hyperparameters satisfying 1, B2 € [0,1], B1 < B2,
0; = (T{r , TZf P T{ ) is the vector of parameters, 1y = 171/ Viisa decaying learning rate,
¢ is an artificial small value to avoid vanishing gradient problem. The gradient g; here is
estimated by the difference of adjacent Tl.f in dimension i. In order to reduce the amount
of gradient calculation in each iteration and increase the stability of convergence, the
mini-batch method is implemented:

(12)

where B is the batch size, B < L, Al is a small increase.

After the algorithm converges, the optimal segmentation thresholds are substituted
into Equations (7) and (8) to generate the fused image for subsequent calculation of the
optimal exposure time.

4. Histogram-Based Analysis of the Optimal Exposure

For mechanical parts with high reflectivity, the exposure time significantly influences
fringe pattern quality and consequently impacts 3D reconstruction accuracy when using
structured light measurement systems. As shown in Figure 2, the optimal exposure time
should be determined adaptively by the surface reflectivity of the measured part and
the ambient illumination, which is considered constant in this paper. Basically, shorter
exposure times should be employed to prevent overexposure in high reflective regions,
while surfaces with lower reflectivity require extended exposure durations to enhance the
SNR of captured surfaces. Although this principle is widely recognized, the determination
of specific exposure time still predominantly relies on empirical judgment. Such manual
approaches lack adaptability under dynamic scenarios of the mechanical parts and ambient
lighting, which results in a compromised reconstruction accuracy. Therefore, a histogram-
based analysis method is introduced to obtain region-specific optimal exposure times.

12
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Projector
Camera

Figure 2. Illustration for PMP-based 3D reconstruction of mechanical parts.

When projecting uniform and high-intensity white light, the intensity distribution of
the images captured by the camera can be expressed as:

I° = stal? + afy + Ba, (13)

where s and t represent the sensitivity and exposure of the camera, respectively, « is
derived from geometric and material properties, I” is the intensity of projected light, a
term « 31 denotes ambient light reflected by the measured object, and ; is ambient light
directly entering the camera. Assume the relationship between image intensity and scene
radiance is linear, which means the camera sensitivity s is considered constant. Consider a
segmented pixel cluster marked by j in m clusters, Equation (13) can be discretized into a
partition expression:

1°0) = st DM 1p0) 4 DY 4 g0 7 =1,2,...,m, (14)

A radiometric compensation strategy is employed to process high reflective surfaces,
in which the projection intensity I”(*) is systematically varied while maintaining the initial
exposure time f. A sequence of intensity images I, is obtained by the camera, where
pixel saturation in some overexposed regions is progressively alleviated across different
intensity levels {I ’, I; S } These multi-intensity segmented pixel regions would be
subsequently fused into a composite image using the method detailed in Section 3. Assume
n distinct projection intensities are applied to generate a sequence of images {I I },
ensuring a comprehensive coverage of both specular and diffuse reflection characteristics:

If =stal’ +afy+ Poi=1,2,...,n, (15)

Therefore, the image fusion process based on spatially and temporally discrete sam-
pling can be formulated based on an integration of Equations (14) and (15):

= X A (0000 1 a0 + 60, a6

where A;; represents the region-adaptive binary weighting function to be obtained in this
section, which dynamically prioritizes unsaturated pixel values across temporal and spatial
domains. Consider a specific pixel cluster j, if the critical oversaturation intensity is defined
as %%, the oversaturation threshold exposure time in region j is given by:

) 1 —alp) — )

05 = - =, (17)
sa(J)Z?:l /\ij (Ilp(]))

13
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To ensure high SNR in the sampled area and avoid saturation of the camera sensor,
the critical oversaturation intensity is usually defined as a constant value [42]. Then, the
obtained pixel cluster in region j is:

. (1) 7o — (/) .
(i) _ 40 [ g _ Pit By’ (i) 4 g
e ( 0] i £ R 1o

Parameters ‘ng ) and ,Bg ) fora given region, which are related to ambient illumination,
pixel positions, materials, roughness, and other intrinsic properties, remain constant during
a continuous measurement session. tc(,];) is an unknown constant to be determined. There-
fore, as derived from Equation (18), the intensity of a specific region in the acquired image
is linearly related to the reflectivity, which further indicates that variations in regional
intensity directly reflect changes in surface reflectivity. As shown in Figure 3, pixels with
distinct intensity levels can be clustered based on histogram analysis of the foreground’s
image from images without highly saturated regions, resulting in an identification and

segmentation of regions with statistically homogeneous intra-class reflectivity.

significant

Pixel amount
3 2 F
g 8
S —

0 50 100 150
Row Column Gray value

(b)Foreground’s image (c)Histogram-based

a)Foreground’s image .
@) & £ intensity distribution segmentation

(d)Segmentation effect
Figure 3. Illustration of histogram-based segmentation.

The method for obtaining the foreground image is derived from the literature [43], and
is described in detail as follows. For a grayscale image I, it is composed of a foreground
image F, a background image B, and the foreground opacity a; at each pixel:

I =wa;F+ (1—w;)B;, (19)

Assuming that the foreground F and background B are approximately constant within
a small window around each pixel, this assumption allows the opacity « to be expressed as
a linear function of the image I:

wj~al;+b, Vi€ w, (20)

wherea =1/(F — B), b = —B/(F — B), and w is a small image window.
To solve for a, a and b, a cost function is constructed as follows:

](“, a, b) _ Zjel (Ziewj (D‘i — DC]'IZ' — bi)z + Eﬂjz)/ (21)

where wj is a small window around pixel j.
By minimizing J(«,a,b), a quadratic cost function solely with respect to « is obtained:

J(@) = o' La, (22)

14
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where L is the

_ 1 (I — ) (I — page)
Lij= Zk\(i,j)ewk (51'1' - || (1 + e 4 (T]% ’ (23)

where py and (7,% are the mean and variance of the intensities in the window wy around k,
and |wy| is the number of pixels in this window.
Constraints are added, and the resulting sparse linear system is then solved:

(L—f—/\Ds)a = )\Dsbs, (24)

where Dy is a diagonal, bs is the constraint vector, and A is a large constant. The alpha
matte o is solved using a sparse linear solver.

Given I; = a;F; + (1 — «;)B;, where F; and B; are unknown, the foreground F and
background B can be estimated by minimizing an objective function with smoothness
priors:

minY, (iFi (1= ) B — 1) + A (I VE P + || B, ), 25)

where VF; and VB; denote the image gradients of the foreground and background.
The clustering-based segmentation is performed using the K-means++ algorithm
proposed by Arthur et al. [44], with the following steps:

(1) Randomly and uniformly select one point from the dataset x as the first initial
center c.
(2) For each data point x € x, compute the distance D(x) to the nearest already selected
center:
D(x)= min [x—c]? (26)

C€{C1,...,Ci_1}
Select the next center c; from the dataset with probability proportional to D (x)%:

D(x)*

P@) = Yoy D(x)?’

(27)

A new point is then randomly selected as ¢; according to this probability distribution.

(3) Assign each data point to the cluster C; associated with the nearest center c;:
Ci={xex|lx—cl<lx—cl Vj#i}, (28)
where C; denotes the set of points assigned to center c;.

(4) Recompute the center of each cluster as the mean of all points within the cluster:
1
Ci = ==Y xeCiX, (29)
Cil

(5) Iterate until convergence by repeating steps (3) and (4), either until the set of centers
no longer changes or the maximum number of iterations is reached.

(6) To ensure coverage of the exposure time for each class, the data point corresponding
to the right boundary of each cluster is selected as the segmentation threshold. This
data point should satisfy the following condition:

f(xiz1) = f(xi) >0
{f (i) — f(xig) <0 (30)

Through the aforementioned steps, a relatively accurate segmentation threshold can
be obtained.
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Following the spatial segmentation, the optimal exposure time is determined for each
partitioned region. Evidently, regions with distinct reflectivity require different optimal
exposure times. To maximize the SNR of captured fringes, the ideal exposure time should
correspond to the critical threshold that prevents saturation in all pixels within the region.
Since longer exposure durations increase pixel saturation, the goal is to maximize tg];) while
ensuring no saturation occurs:

()

1o —
|, 31)

=2
=
=
ey
=
=

t((?]P)t - max (tgjs)) - o1el)

ot()

Obviously, the optimal exposure time tgjp)t is obtained when the term §1°U/) /5t()

reaches its minimum, that is, when the incremental intensity gain per unit exposure time is
minimized. Discrete sampling and numerical difference method are implemented to solve
this differential term, and obtain the optimal exposure time. At this optimal exposure time
)

opt’
intensity responses from saturated artifacts.

acquired image data is effectively clustered in the temporal domain, separating valid

The sequence images corresponding to the optimal projection intensity are fused
to generate a composite image. By analyzing the histogram of the foreground image,
regions with different reflectivities are clustered using the K-means algorithm. The fused
fringe patterns, which have been distorted due to modulation by mechanical components
under different exposure times, are subsequently used for phase-based 3D reconstruction
(PMP). Depth information is then computed to ultimately obtain the point cloud data of
the measured workpiece. The main framework of the proposed method in this paper is
illustrated in Figure 4.

Extract the foreground
image

( Simulated annealing 1 / Use the K-means ++ "\ Optimizing Fusion of fringe pattemsw
Start algorithm for optimizing algorithm to determine the exposure deformed by surface

exposure —  deformedb y surface
projection light intensity segmentation threshold. j ‘ time ‘ K geometry modulation J
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point cloud L information |
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: | ]
| r-—-""—""~""""~"""™"™"™"™"™"™7 |
i | i
! Storing Output the global (- {7 A=\ Pit) |
| : individual optimal individual : :
|
|I__________________________________________.| |

Figure 4. The main framework of the proposed method in this paper.

The steps described in Figure 4 are detailed as follows:

Step 1: As described in Section 3, the optimal projection intensities are obtained using
the simulated annealing algorithm. To ensure synchronization, the built-in GPIO interface
of the camera is employed to receive external trigger signals from the projector, enabling
communication between the camera and the projector.

Step 2: The optimal projection intensity sequence images from Step 1 are fused
using the GA+S-Adam algorithm, as detailed in Section 4, to facilitate foreground
image acquisition.
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Step 3: The fused images from Step 2 are processed using the foreground extraction
method proposed in Section 4 to isolate the foreground regions for further analysis.

Step 4: The histogram of the extracted foreground image is clustered using the K-
means++ algorithm to determine segmentation thresholds, as illustrated in Section 4.

Step 5: The exposure time is determined based on the method introduced in Section 4,
and the camera’s exposure settings are subsequently adjusted via computer control.

Step 6: Fringe images, modulated and deformed by mechanical components under
varying exposure times, are fused to recover phase information.

Step 7: Finally, the 3D point cloud is reconstructed based on the system calibration
parameters and the depth information obtained from decoding the fringe images.

When employing the simulated annealing algorithm to obtain the optimal projec-
tion intensity and acquire corresponding images via the camera, the determination of
subsequent optimal intensities requires iterative computation. Once two or more images
are obtained, image fusion under their respective optimal projection intensities can be
performed in parallel. Given the continuous optimization of projection intensity and image
fusion, foreground extraction from previously fused images can also be executed concur-
rently. The extracted foreground images are compared with the final fused image to guide
the generation of foreground-specific histograms. These three stages can be processed in a
pipelined manner to handle different batches of data, maximizing efficiency and reducing
processing time.

5. Case Study

A PMP-based 3D reconstruction system was constructed to validate the effectiveness
of the proposed method, whose configuration is shown in Figure 5. This system comprises
an MV-CA060-10GC CCD camera with a resolution of 3072 x 2048 pixels, a T]-23U DLP
projector with a resolution of 1280 x 720 pixels, and a high-performance computer. A
heterodyne multi-frequency four-step phase-shifting method was employed for phase
demodulation. The system software architecture consists of the following main modules:
Projection Control Module: Responsible for generating and controlling ideal sinusoidal
fringe patterns, which are projected onto the surface of mechanical components through
the projector. Image Acquisition Module: Communicates with the camera through custom
software to synchronize image acquisition. Data Processing Module: Integrates algorithms
for projection intensity optimization, image fusion, foreground extraction, K-means-++
clustering, optimal exposure time determination, system calibration, and 3D point cloud
construction. Optimization algorithms are encapsulated as independent submodules to
enhance maintainability. User Interface Module: Provides a visual interface for operation,
supporting parameter configuration, real-time preview, and result output. To facilitate
efficient collaboration between the projector, camera, and computing platform, a commu-
nication protocol is established. Projector to Host Communication: A USB 3.0 interface
is used, with the projector’s dedicated SDK enabling real-time transmission and control
of the projection patterns. Camera to Host Communication: The camera communicates
with the host via the GigE Vision protocol, supporting high-bandwidth image data stream-
ing. To ensure synchronization, the camera’s GPIO interface is employed to receive the
external trigger signal from the projector, establishing communication between the camera
and projector.
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Figure 5. Configuration of the 3D reconstruction system.

Three sets of experiments were conducted. The first group employed a geometrically
uniform workpiece with highly reflective surface properties. The second group utilized
a component featuring common mechanical geometries, including planar, cylindrical,
and spherical surfaces, to validate the robustness of the proposed method across diverse
reflective surface topologies. A die-cast automotive component was employed in the third
group, in which there were multiple precision-manufactured end surfaces with different
depths. Details and results of the three sets of experiments are shown as follows.

(1) Planar metal workpiece

A planar metal workpiece, which is simple in geometry, was selected as the first
example. The simulated annealing algorithm was employed to obtain the optimal projection
intensities. The initial temperature was 100, the cooling coefficient was 0.95, and the
termination temperature was 0.01. After convergence, the optimal projection intensities
were 255,214, 177,152, 130, 113, 98, and 76, respectively. Image fusion was subsequently
conducted based on the image sequence under the optimal projection intensity. The
segmentation threshold was determined using a GA-ADAM algorithm, in which the
population size was set to 20, the individual length to 8, and the initial crossover and
mutation probabilities were set to 0.6 and 0.8, respectively. The hyperparameters for the
ADAM algorithm were configured as « = 1, 1 = 0.9, B2 = 0.999. After convergence, a
fused image was constructed based on the obtained segmentation threshold, as shown
in Figure 6a. Based on the histogram-based analysis method, the pixels were clustered
to three segmented regions as shown in Figure 6b, whose optimal exposure time were
determined to be 35,264 us, 5605 us, and 3664 us.

For comparison, two sets of conventional methods with fixed attenuation steps were
employed. As the most frequently used step in the literature, the projection intensity
attenuation step was set to 20 at first with a total of 10 fusion images, resulting in an
optimal exposure time of 35,264 ps, 5129 ps and 3664 ps. In the second set, the attenuation
step was set to 30 to ensure the same number of fused images with the proposed method,
whose optimal exposure time were 35,264 ps, 5391 us, and 3664 ps. Similarly, fused images
were constructed after optimizing the segmentation thresholds using the GA-ADAM
algorithm, as shown in Figures 6c and 6d, respectively.
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Figure 6. Image fusion based on the proposed methods and two conventional methods.

Three-dimensional reconstruction was then carried out using the conventional PMP
method, two sets of fixed attenuation step methods, and the proposed method. A single
exposure with the maximum exposure time that just avoids image saturation was employed
when using the conventional PMP method, while the obtained optimal exposure time were
implemented in the other three scenarios. Three sets of sinusoidal fringes were projected
onto the metal part. Each fringe comprised four patterns with different phase shifts, and the
fringe periods were set to 90, 99, and 100, respectively. After capturing the projected fringes,
the phases were unwrapped using a heterodyne multi-frequency phase-shifting method.
The corresponding spatial data points were then localized based on the triangulation
principle [45]. The workpiece was thus reconstructed by acquiring images at various
exposure times and performing phase fusion. The results of 3D reconstruction based on the
conventional PMP method, fixed attenuation steps of 20 and 30, and the proposed method
are shown in Figure 7.

Reconstruction accuracy for each spatial point was calculated and statistically ana-
lyzed based on least squares planar fitting. A reference plane is fitted to the point cloud
using the least squares method, resulting in a plane equation of the form ax + by 4 cz = 0.
For a given point P(xp,yp,zp), the distance from the point to the plane is calculated
as: d = |axp + byp + czp +d|/v/a? 4 b + 2. The conventional PMP method which em-
ploys a single exposure for the entire region successfully avoided saturation but strug-
gled to enhance the SNR in dark areas, which resulted in a 68.6% more in the num-
ber of outliers, 44.8% higher in the whisker range of reconstruction error, and 42.0%
higher in the median errors comparing to the proposed method. In contrast, three
methods based on image fusion produced reconstruction results with almost no ge-
ometric defects and achieved significantly lower reconstruction errors. The whisker
range of the reconstruction error boxplot for the proposed method is 29.8% and 37.9%
lower than that of the 20-step and 30-step methods, respectively, while the median er-
rors are reduced by 33.7% and 42.3%, respectively. The whisker range is computed as:
max(x; | x; < Q3+ 1.5 x IQR) — min(x; | x; > Q1 — 1.5 x IQR), where Q7 and Qj3 are the
25th and 75th percentiles, and the interquartile range is defined as IQR = Q3 — Q;. These
results demonstrate the effectiveness of the proposed method and its higher reconstruction
accuracy compared with commonly used existing methods.
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Figure 7. Comparison of 3D reconstruction results in case study 1.

(2) Multi-geometry metal workpiece

Further, a metal component with a slightly more complex geometry, featuring typical
mechanical characteristics such as planar surfaces, through-holes, outer cylindrical surfaces,
and spherical surfaces, was selected as the second example. Image fusion was conducted
based on nine images, which were under the obtained optimal projection intensity: 255,
210, 172,147,128, 110, 89, 73, and 58. Three clusters of pixels were segmented based on the
proposed method, and the corresponding optimal exposure time were 9159 s, 18,398 s,
and 32,058 us. In the conventional PMP-based 3D reconstruction, a single exposure with
the maximum exposure time was used to increase the SNR. When using the methods
based on fixed attenuation steps, a step size of 25 was employed to ensure that the fixed
attenuation step method and the proposed method could use the same number of fused
images. The conventional step size of 20 was also used for the comparison experiment.
The obtained optimal exposure time were 9159 us, 14,150 us, 32,058 us; 9159 ps, 15,444 us,
32,058 s, respectively for steps of 20 and 25. The results of 3D reconstruction are shown in
Figure 8.
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Figure 8. Comparison of 3D reconstruction results in case study 2.

Reconstruction errors were quantified by segmenting local point clouds and per-
forming least-squares fitting to cylindrical, planar, and spherical geometries. When
fitting a cylindrical surface, the axis parameters include the direction vector B =
(dx, dy,dz), a point on the axis Py(xp,Yo,2z0), and the radius R. Given a point cloud
{P; = (xj,y5,zi) | i=1,2,...,N}, the parameters are estimated by minimizing the objec-
tive function: | = Zil\il (\/(xl- —x0 — tidx)? + (yi — yo — tidy)? + (zi — 20 — tid2)? — R)z,
the parameters xo, yo, zo, dx, dy, dz, R are obtained, where t; = (x; — xo)dx + (y; — yo)dy +
(zi — z0)d.. For spherical surface fitting, the least squares method is used to estimate the sphere
center C = (X, Y, 2¢), and radius R. Given a point cloud {P; = (x;,v;,2z;) | i =1,2,...,N},
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the objective function is defined as: | = YN, (\/(xl- —xc)?+ (i —ye)? + (zi—zc)? — R) 2,
the parameters x, y¢, z¢, R are obtained. Comparison of statistics of reconstruction errors in
three regions is listed in Table 1. Compared with conventional PMP-based methods, the
proposed method reduced the whisker range by 65.2%, 50.9%, and 47.4% for cylindrical,
planar, and spherical regions, respectively, while reducing the median error by 63.6%,
13.0%, and 24.7%. When compared with the image fusion method with a fixed attenuation
step of 20 which is commonly employed in existing studies, the proposed method showed
a reduction in error ranges by 52.7%, 4.3%, and 0.3%, and a reduction in median errors
by 33.9%, 8.7%, and 7.3% respectively across the three regions. In comparison with the
image fusion method with a fixed attenuation step of 25 to ensure the same number of
fused images, the error range is reduced by 57.4%, 1.2%, and 0.3%, and the median error
is reduced by 50.6%, 5.4%, and 8.5%. These results validate the superior reconstruction
accuracy of the proposed methodology.

Table 1. Comparison of statistics of reconstruction errors in three regions between the single-exposure
PMP-based method, image fusion based on a commonly used fixed attenuation step, and the same
number of fused images.

Sinele-Exposure Image Fusion Image Fusion
. Statistical & P with a Fixed with the Same The Proposed
Region PMP-Based .

Feature Method Attenuation Number of Method

Step of 20 Fused Images

Cylindrical Spread range 0.7387 0.5443 0.6032 0.2572

region Median error 0.1788 0.09855 0.1320 0.06517
Planar region Spread range 0.1330 0.06818 0.06605 0.06525
& Median error 0.02010 0.01916 0.01848 0.01749
Spherical region Spread range 0.1551 0.08174 0.08173 0.08152
P & Median error 0.02673 0.02170 0.02199 0.02012

A reference point cloud was obtained using a coordinate measuring machine (CMM)
to mitigate the influence of machining-induced surface uncertainties in the fitting-based
estimation of reconstruction error. Then, the reconstruction errors were benchmarked
against the CMM-measured form errors. Because the cylindrical surface was clamped by a
three-jaw chuck on the workbench, programmed CMM scanning was only feasible for the
upper spherical and planar regions to obtain the reference point cloud. The measurement
setup and results are illustrated in Figure 9a. Owing to the finite radius of the CMM'’s ruby-
tipped probe, narrow crevices at the spherical-planar intersections remained unmeasurable,
resulting in some holes in the corresponding area. After processing the reference point
cloud, the range and median of form error for the planar region are 0.03087 and 0.01265,
while the range and median of form error for the spherical region are 0.05183 and 0.01437,
respectively. In consideration of the superior accuracy of CMM over that of vision-based
measurement methods, these data are considered as ground truth. As shown in Figure 9b,
the proposed method achieved an average reduction of 25.5% in the whisker range and
25.9% in the median of reconstruction error for planar regions compared to three existing
methods. For spherical regions, the average reductions reached 24.2% in error range and
33.1% in median error.
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(3) High-precision aluminum die-casting component

A precision aluminum die-casting workpiece for new energy vehicles was selected
as the third validation case. The die-cast component contains multiple machined hole
end faces with different depths, which were machined by precision milling and grind-
ing processes. As these surfaces have passed quality inspection using CMMs with an
accuracy of 0.1 um, they exhibit high-dimensional accuracy, indicating their potential in
serving as benchmarks for evaluating the accuracy between vision-based non-contact 3D
reconstruction methods.

Using the proposed method, image fusion was conducted based on twelve images,
which were under the obtained optimal projection intensity: 255, 216, 184, 155, 131, 110, 92,
76, 63, 51, 45, and 26. The optimal exposure time were 12,823 s, 17,222 ps, and 31,851 ps.
Similarly, the exposure time were maximized in the conventional PMP-based method to
increase SNR and reconstruction accuracy. The conventional step size of 20 was used for
comparison, in which the obtained optimal exposure time were 12,823 us, 16,187 ps, and
31,851 ps. The results of 3D reconstruction are presented in Figure 10.

Six precision-machined hole end faces with varying depths were segmented using
a random-seed region growing algorithm, and reconstruction errors in six ROIs were
estimated through least-squares plane fitting. Compared to the conventional PMP-based
method, the proposed method achieved average reductions of 63.6%, 64.1%, 65.6%, and
47.6% in the 25th percentile, median, 75th percentile, and whisker range of reconstruction
errors, respectively. The 25th and 75th percentiles are defined as: given a sorted dataset
X1,X2,... Xy, the position of the percentile is calculated by: i = 1+ (n —1) x p, where
p is the decimal form of the desired percentile (e.g., p = 0.25 for the 25th percentile and
p = 0.75 for the 75th percentile). Compared to an image fusion method with a fixed step
of 20, the proposed method reduced the reconstruction error by 44.6%, 37.1%, 45.8%, and
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41.3% on average, respectively. The experimental results empirically validate the superior
reconstruction accuracy of the proposed methodology. The comparison of reconstruction
error is shown in Figure 11.

gl

(¢) 3D reconstruction based on the proposed method

Figure 10. Comparison of 3D reconstruction results in case study 3.
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Figure 11. Comparison of reconstruction error in case study 3.

The efficiency of different reconstruction methods for highly reflective metallic com-
ponents is intuitively illustrated through a statistical analysis of data acquisition and
processing cycles. The time-consuming steps primarily include obtaining the optimal
projection intensity and corresponding mechanical part images, image fusion, threshold
segmentation, and result extraction. It is worth noting that factors such as the algorithm,
camera, projector, computing hardware, and the complexity of the workpiece (e.g., geo-
metric complexity and reflective properties) can significantly affect the processing time. A
detailed analysis of the aforementioned steps is provided below:

(1)  Acquisition of Projection Intensity and Corresponding Mechanical Part Images.

For the three representative cases, the time required to determine a single optimal
projection intensity was approximately 2 s, 2 s, and 3 s, respectively. Additionally, the
process of determining projection intensity using a fixed-step attenuation strategy, followed
by synchronous image acquisition with the camera, took approximately 4 s per cycle.

(2) Image Fusion.

In the three representative cases, the time required for image fusion was approximately
85,95, and 12 s, respectively.

(3) Threshold Segmentation.

Threshold segmentation is performed using the K-means++ algorithm. The processing
time required for this step was approximately 4 s, 4 s, and 5 s for the three respective cases.

(4) Result Acquisition.

Determining the optimal exposure time takes around 2 s. Capturing a fringe image
under a single exposure condition takes approximately 3 s. The phase fusion of fringe
images with the same phase shift within the same exposure cycle takes approximately 4 s,
4 s, and 5 s for the three representative cases. Finally, reconstructing the 3D point cloud
from the calibration parameters and depth information requires approximately 3 s, 3 s, and
4 s, respectively.
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The efficiency of different methods for reconstructing highly reflective metallic compo-
nents is intuitively demonstrated by statistically analyzing the required processing time. In
case 1, the total durations required by the conventional PMP method, the fixed attenuation
step method, the proposed method integrated with a consistent attenuation pattern, and the
proposed method alone are 6 5,43 s, 42 s, and 54 s, respectively. In case 2, the corresponding
total durations are 6 s, 44 s, 43 s, and 57 s. In case 3, the total durations required by the
conventional PMP method, the fixed attenuation step method, and the proposed method
are7s,51s,and 83 s.

From the above analysis, it is evident that the conventional PMP method exhibits the
highest efficiency but the lowest reconstruction accuracy. Although the proposed method
requires a longer processing time compared to other approaches, it achieves the highest
reconstruction accuracy. The fixed-step attenuation method, on the other hand, offers a
balance, with processing time and accuracy falling between the conventional PMP method
and the proposed method. Therefore, in future applications, a reconstruction method can
be selected based on a reasonable trade-off between efficiency and accuracy.

6. Conclusions

As for the lack of effective guidance in the imaging parameters in PMP-based 3D
reconstruction, an adaptive high-precision 3D reconstruction of highly reflective mechanical
parts based on optimization of projection intensity and exposure time is proposed in this
paper. An image sequence is established during the search for optimal projection intensity
to achieve the best hardware performance. A GA-SAdam framework is also proposed to
maximize the retained details in the image fusion process. The exposure time is adaptively
adjusted based on the surface reflective properties.

Three sets of typical mechanical parts were conducted in the case study, which com-
prises varying geometric shapes and reflective characteristics. Experiment results show
that compared with the existing single-exposure method, a commonly-used attenuation
step method, and a fixed-step based method with the same number of fused images, the
proposed method reduced the average whisker range of reconstruction error by 51.18%,
25.68%, and 24.20%, and decreases the median error by 41.48%, 24.14%, and 26.70%, re-
spectively. The effectiveness and high accuracy performance of the proposed method have
been verified.

The currently adopted projector and camera setup may be inadequate for covering
larger-scale components. This limitation can be addressed through hardware upgrades
to accommodate a wider field of view for both projection and imaging. Enhancing the
projector’s output power can mitigate the attenuation of projection intensity over large
areas, which otherwise degrades fringe quality, particularly on highly reflective surfaces.
Real-time inspection demands lightweight algorithms (e.g., compressed deep learning)
and hardware optimizations (e.g., FPGAs) to meet latency constraints. Trade-offs between
accuracy and speed must be balanced, but hybrid approaches (e.g., adaptive fusion + edge
computing) could enable robust deployment in industrial settings.

It is worth noting that the proposed methodology minimized manual intervention
through the integration of programmable fringe projectors, customized camera software de-
velopment, optimization algorithms, and coordinated communication protocols. However,
the required number of experiments escalates exponentially with increasing segmented
regions and iteration steps. Furthermore, a substantial portion of experimentally acquired
images contains underutilized regions, which indicates that correlation analysis of imaging
parameters could be focused on to enhance data utilization and searching efficiency. It is
worthwhile to investigate a better experimental design to promote real-time performance
and practical deployment in industrial scenarios.
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Abstract: This study examines how different filming techniques can enhance the quality of
3D reconstructions with a particular focus on their use in indoor crime scene investigations.
Using Neural Radiance Fields (NeRF) and Gaussian Splatting, we explored how factors
like camera orientation, filming speed, data layering, and scanning path affect the detail
and clarity of 3D reconstructions. Through experiments in a mock crime scene apartment,
we identified optimal filming methods that reduce noise and artifacts, delivering clearer
and more accurate reconstructions. Filming in landscape mode, at a slower speed, with at
least three layers and focused on key objects produced the most effective results. These
insights provide valuable guidelines for professionals in forensics, architecture, and cultural
heritage preservation, helping them capture realistic high-quality 3D representations. This
study also highlights the potential for future research to expand on these findings by
exploring other algorithms, camera parameters, and real-time adjustment techniques.

Keywords: 3D reconstruction; neural radiance fields; gaussian splatting; 3D scanner
technology; crime scene reconstruction; forensic photogrammetry; forensics

1. Introduction

The introduction should briefly place this study in a broad context and highlight why
it is important. Three-dimensional (3D) reconstruction creates detailed digital models of
real-world objects or scenes using 2D images, providing precise spatial data for fields like
engineering, medicine, and archaeology [1]. One area that could greatly benefit from this
technology is crime investigation, where reconstructing crime scenes help investigators
understand what occurred. The challenge lies in interpreting the aftermath as evidence
which often offers multiple possible scenarios. To develop a complete narrative, the
investigators must combine physical traces with additional information such as police
reports, witness accounts, forensic data, and their own expertise.

The reconstruction process relies on key principles such as achieving adequate image
overlap, minimizing motion blur, and ensuring consistent lighting, all of which are critical
for producing high-quality models [2]. While extensive research has been conducted
on 3D reconstruction algorithms, the literature on image acquisition methods remains
limited, particularly for constrained indoor environments like crime scenes. Existing studies
emphasize the significance of camera movement and stability for enhancing reconstruction
fidelity, especially in settings with limited space or intricate spatial layouts [3,4]. Moreover,
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approaches tailored for indoor reconstructions, such as photogrammetry-based workflows
and structured light systems, have demonstrated varying degrees of success [5-8].

Traditional photogrammetry remains a widely used method in 3D reconstruction,
particularly for forensic and architectural applications. It relies on structure-from-motion
(StM) [9] and multi-view stereo (MVS) [10] techniques to generate 3D models from 2D im-
ages. While photogrammetry provides accurate reconstructions with measurable geometric
fidelity, it often requires an extensive manual effort for camera calibration, feature matching,
and mesh generation. Additionally, photogrammetric methods struggle in scenes with
low-texture surfaces, reflective materials, or non-uniform lighting conditions, leading to in-
complete reconstructions and increased noise. These limitations pose significant challenges
in forensic applications, where scene complexity and environmental variability must be
accounted for.

Recent advancements in deep-learning-based reconstruction, such as Neural Radiance
Fields (NeRF) [11] and Gaussian Splatting (GS) [12], present alternatives that address some
of these challenges. Unlike photogrammetry, NeRF synthesizes new viewpoints by learning
a continuous volumetric representation of the scene, allowing for superior handling of com-
plex lighting and occlusions. However, NeRF is computationally demanding and requires
long training times, making it less practical for time-sensitive forensic reconstructions.
Gaussian Splatting, on the other hand, offers a more efficient approach by representing 3D
structures as a set of discrete Gaussian functions, enabling fast and high-fidelity rendering
while reducing manual processing efforts. While both methods improve visual quality
and automation, their suitability for forensic applications depends on balancing accuracy,
processing efficiency, and real-world usability.

In this research, the focus is on optimizing the data acquisition process for 3D re-
construction in indoor crime scenes by evaluating filming parameters such as camera
orientation, operator speed, and path selection. These parameters were chosen due to their
fundamental impact on scene coverage, motion blur reduction, and data alignment, critical
factors for achieving high-fidelity reconstructions in constrained forensic environments.
While factors like lighting conditions, exposure settings, and camera calibration influence
reconstruction quality, they are either hardware-dependent or have been extensively ex-
plored in prior research, whereas filming methodologies remain an underexplored yet
crucial aspect of 3D reconstruction optimization. Examining how the method of filming a
crime scene impacts these reconstructions” quality provides valuable insights not only for
forensic applications but also for other fields. For example, architectural visualization can
benefit from accurate indoor 3D reconstructions for design and renovation projects [13-15].
In cultural heritage preservation, detailed reconstructions of historical sites and artefacts
can aid in documentation and restoration efforts [16,17]. Similarly, virtual reality (VR) and
augmented reality (AR) applications in gaming and simulation training can achieve higher
realism and immersion with optimized 3D reconstruction techniques [18].

To achieve improvements in 3D reconstruction, Neural Radiance Fields (NeRF) [11]
is utilized. NeRF is an innovative approach that employs deep learning to generate
highly detailed and accurate 3D models from 2D images. It achieves this by modeling the
complex interplay between spatial geometry and light behavior in the scene, capturing fine
details such as texture and reflectance. NeRF’s ability to synthesize realistic views from
novel perspectives makes it particularly suitable for applications demanding precision and
realism. By utilizing volumetric rendering, NeRF constructs continuous 3D representations,
which are further enhanced when combined with complementary techniques such as
Gaussian Splatting, to produce models with superior visual fidelity and minimized artifacts.
Gaussian Splatting further enhances this process by refining and smoothing the spatial data
points, leading to better-quality reconstructions. Additionally, 3D Gaussian Splatting (3D-
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GS) [12] is a promising technique in computer graphics for 3D rendering of scenes, gaining
traction due to its ability to efficiently render high-quality images while maintaining a
compact scene representation. Unlike NeRF, which relies on neural networks conditioned
on viewpoint and position, 3D-GS employs Gaussian functions that can be rasterized
directly into images, facilitating faster rendering speeds and improved visual fidelity.
Similar Gaussian-based methods have been successfully applied in broader fields, such
as data assimilation for environmental modeling and field reconstruction, where they
help interpolate sparse observations and reconstruct dynamic spatial fields [19,20]. These
methods demonstrate the versatility of Gaussian-based approaches in various applications,
reinforcing their potential in 3D reconstruction.

NeRF is not the first step in this new evolution of 3D reconstructions but is, rather,
the building block of a family of algorithms, which includes SNeRF [21], Tetra-NeRF [22],
NeRFacto [23], Instant-NGP [24], SPIDR [25], MERF [26], and so on. In fact, each one of
them solves particular problems and allows for the increment of overall capabilities in
different ways.

Preliminary research highlighted the importance of the camera, lens, and their settings
as critical factors. The impact of each parameter on 3D reconstruction was thoroughly
examined [27,28]. Additionally, the method used to film an environment was found to
have a significant influence on the quality of the 3D reconstruction. Building on these
findings, specific camera movement techniques were employed to ensure comprehensive
scene coverage and high-quality data acquisition.

This paper concentrates solely on the method of filming indoor environments. The
experimental setup consists of a living room, kitchen, and hallway. Four comparison
experiments were conducted, varying one parameter at a time, to identify the optimal
scannig method for high-quality 3D reconstructions in indoor crime scene scenarios.

We investigate various factors that influence the quality of 3D reconstructions, focusing
primarily on camera orientation, operator walking speed, layering techniques, and scanning
paths. The orientation of the camera during capture plays a significant role. Landscape
mode offers a broader horizontal field of view, ideal for wide scenes, while portrait mode
enhancing vertical detail, which is better suited for tall subjects. Capturing the same
environment in both modes enables an analysis of differences in data quality, level of detail,
and the accuracy of 3D reconstructions.

Another key factor is the walking speed of the camera operator, as rapid movement can
cause autofocus issues, resulting in blurry frames that negatively impact the reconstruction
quality. By testing various walking speeds and comparing the resulting video lengths,
we assess how motion clarity influences the final 3D model. Furthermore, the use of
various layering techniques is examined to enhance data capture from multiple heights,
along with the significance of scanning paths to achieve comprehensive environmental
coverage. Together, these tests aim to optimize the methodology for achieving high-quality
3D reconstructions.

Accurate 3D reconstructions in crime scene investigations may provide crucial insights
into the sequence of events and assist investigators in analyzing evidence more efficiently.
The traditional way of representation, like sketching or photographing the scene, neglects
important details. On other hand, 3D reconstruction provides an overall interactive way
to view the scene. This technology aids in visualizing the crime scene, understanding
the spatial relationships between various pieces of evidence, and displaying discoveries
in court.

In this paper, the main contributions are provided to the field of 3D reconstruction with
a special emphasis on its application within crime scene investigation. The contributions of
research can be divided into theoretical and practical advancements.
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Theoretical Contributions

e  Novel framework for filming method optimization: This study introduces a structured
framework for systematically analyzing and optimizing key parameters, camera
orientation, filming speed, camera layers, and filming path, for 3D reconstructions.
While based on existing methods, this framework uniquely addresses the specific
challenges of indoor forensic environments, such as limited space, variable lighting,
and object clutter, which have not been comprehensively addressed in prior research.

e  Extension of theoretical framework: This research extends the theoretical framework
related to 3D reconstruction. For example, a theoretical framework for cameras to be
optimized could be any application that it has not seen before. There is big potential of
using advanced techniques in reconstruction for architecture, archaeology, and digital
media fields.

Practical Contributions

e  Crime Scene Investigation Guidelines: The guidelines in the research demonstrate
how forensic investigators can achieve an accurate 3D reconstruction of a crime scene.
The primary focus of this paper was on the methodology for filming a crime scene.
The key takeaway is the importance of capturing the scene from multiple angles by
circling around specific objects in different zones.

e  Application of advanced 3D reconstruction techniques: This study examines the use
of Gaussian Splatting within existing 3D reconstruction workflows, focusing on its
effectiveness in handling complex scenes. These include environments with intricate
spatial layouts, dense object arrangements, and varied textures, which are particu-
larly challenging in forensic applications. While no modifications to the underlying
algorithms were made, this research contributes by detailing how these techniques
can be systematically applied and optimized to address the unique challenges of
reconstructing detailed, accurate models of such environments.

e 3D Modelling Processes Optimization: The results of the research give very prac-
tical recommendations for the optimization of 3D reconstruction processes within
numerous fields. These recommendations can significantly improve the quality of 3D
reconstructions used in architectural visualization, cultural heritage preservation, and
VR/AR applications for enhanced realism and immersion.

This paper introduces significant advancements in the methodology of 3D recon-
structions for crime scene investigations by combining state-of-the-art techniques, such as
Neural Radiance Fields and Gaussian Splatting, with novel optimization strategies tailored
for forensic applications. The research offers innovative insights into how filming param-
eters, such as camera orientation, walking speed, layering, and scanning paths, can be
systematically optimized to achieve higher-quality reconstructions. These contributions not
only enhance existing methodologies but also provide practical guidelines for real-world
forensic scenarios, thereby expanding the scope of 3D reconstruction technology across
various professional domains.

This paper is organized as follows: Section 2 describes the methodology used in this
study, including the methods employed during image capture and how they meet the
demands of crime scene investigations. Section 3 presents the results of our experiments
and comparative analysis of different methods. Section 4 provides a detailed discussion of
these findings, comparing them with the existing literature and exploring their implications
for various applications. Finally, Section 5 concludes this paper, summarizing our key
contributions and suggesting directions for future research.
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2. Materials and Methods
2.1. Experimental Setup

The experimental setup consists of a living room, kitchen, and hallway with several
key features, such as tables, chairs, tableware, closets, ceiling, and lamps. These elements
were chosen to provide a diverse set of objects with different geometric and textural
information for the 3D-GS. The floor plan of the room is displayed in Figure 1, which
illustrates the arrangement of the environment used in the experiments.

Figure 1. Experimental setup.

The primary equipment that was used was a SONY a7c, Sony Corporation, Tokyo,
Japan [29] camera with a 24.2 MP full-frame Exmor R CMOS BS, Sony Corporation, Tokyo,
Japan [29]. This camera was chosen for its full-frame sensor, which results in high image
quality. The lens combined with the camera is a Sigma, Sigma Corporation, Kanagawa,
Japan 14 mm /1.4 DG DN [30] Art lens, which is a wide-angle lens. With this lens,
capturing more of a room in single capture is possible. To create an even more consistent
capturing method, a DJI RS 4,DJI, Shenzhen, China [31] gimbal was added to the camera
setup. The gimbal will result in a smoother capture of the environment, with less vibration
and thus, fewer unclear frames. Controlled lighting conditions were maintained across
all captures.

To improve the quality of 3D reconstructions, particularly in noise reduction, and
detail accuracy, Postshot [32] was utilized, an end-to-end software for Radiance Fields
to generate the 3D-GS. The goal was to optimize the capturing method of rooms such as
mentioned above, while generating accurate 3D models.

In this implementation, Gaussian Splatting was employed to enhance scene geometry
representation using a set of 3D Gaussian functions. These functions were rasterized
directly into 2D images, which allowed for efficient rendering while preserving high visual
fidelity. The Postshot software automates key aspects of this process but provides options
for manual parameter adjustments to fine-tune results. For this study, we utilized a Splat
ADC profile, which optimizes spatial data distribution by regularizing density values,
thereby reducing artifacts and enhancing fine details.

Key parameters included a downsample resolution of 1600 pixels for the input images
and a splat density adjustment layer set to 1. These settings were calibrated through
iterative testing to balance computational efficiency and reconstruction quality. The training
process was configured to stop at 54 kSteps, based on convergence criteria observed during
early experimentation.

The integration with NeRF involved aligning Gaussian splats with the neural radiance
field’s density and color predictions. Camera poses were computed from the captured
images using Postshot’s internal algorithms, ensuring accurate alignment of spatial data
with radiance field outputs. By combining NeRF’s volumetric rendering and Gaussian
Splatting’s spatial refinement, the method achieved improved clarity and reduced noise in
the final 3D models.
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A key distinction between NeRF and Gaussian Splatting lies in how they represent
and process 3D scene information as shown in Figure 2. NeRF constructs a scene using a
volumetric neural representation, where the space is densely populated with points that
encode density and color information. These points do not exist as discrete entities but
are instead sampled through a neural function that maps spatial coordinates to radiance
values. Rendering a scene requires ray-marching through this continuous representation,
accumulating color and transparency at each sampled point along a given viewing direc-
tion. While this method produces highly detailed and photorealistic reconstructions, it is
computationally expensive and struggles with real-time performance.

In contrast, Gaussian Splatting represents the scene as a discrete set of 3D Gaussian
functions (‘splats’) [33], each carrying spatial position, opacity, and shape properties. Unlike
NeRF’s volumetric points, which require extensive neural computation to render, splats are
directly projected onto the image plane, allowing for rasterization-based rendering that is
significantly faster and more efficient. Furthermore, the overlapping and blending nature
of Gaussian splats helps to fill in missed spots and smooth out inconsistencies in areas with
sparse input data, reducing gaps that might otherwise appear in the reconstruction.

For this research, Gaussian Splatting was chosen over NeRF’s point-based volumetric
representation due to its ability to produce faster and cleaner reconstructions. By using
splats instead of a densely sampled neural point cloud, our method achieves clearer object
boundaries, fewer artifacts, and improved texture fidelity, which is essential for forensic
investigations. This choice ensures that reconstructions remain both high-quality and
practical for real-world applications where clarity and efficiency are critical.

NeRF Gaussian Splatting

(’d‘i

Figure 2. A conceptual difference between NeRF and GS, Left: Query a continuous MLP along the
ray, Right: Blend a discrete set of Gaussians relevant to the given ray [34].

We conducted four comparison experiments, each varying one parameter of capturing
at a time, using the same optimal camera setting and setup during all comparisons. The
video footage were processed into 3D reconstructions, which were evaluated based on noise
and detail accuracy. These criteria were chosen for their importance in forensic applications
where both clarity and realism are essential for analyzing evidence.

This approach allowed us to identify the optimal scan method for high-quality 3D
reconstructions in indoor crime scene scenarios, providing valuable insights for future
forensic investigations.

2.2. Camera Settings

Various camera settings significantly influence the quality of a 3D reconstruction. This
study does not focus on camera settings. Therefore, the camera is set to automatic mode.
One parameter that is not set in automatic mode is the aperture. A higher aperture results
in a more detailed background [35]. The aperture is set to f/5.6 during the capturing, which
is the maximum aperture of the Sony a7c.
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2.3. Data Collection
2.3.1. Capturing Techniques

The camera was handheld with a gimbal throughout the capture process, allowing for
flexible, controlled, and stable movements as needed. The selection of capturing techniques
was guided by their ability to maximize scene coverage, minimize occlusions, and enhance
reconstruction fidelity in forensic applications. In indoor crime scenes, capturing a com-
prehensive and accurate dataset is crucial, as missing or distorted details can compromise
forensic analysis. The chosen techniques, truck, pedestal, boom, and arc were selected due
to their effectiveness in maintaining smooth motion, consistent framing, and minimizing
abrupt perspective shifts that could degrade reconstruction quality. These techniques
offer a structured approach to data acquisition, ensuring that all key objects and spatial
relationships within the crime scene are accurately represented [28]. Each technique was
strategically used at different points along the paths based on the spatial characteristics
of the scene and the specific details we aimed to capture. Other potential methods, such
as static multi-angle photography or robotic scanning, were considered but deemed less
practical due to their increased setup time and limited adaptability to dynamic environ-
ments. By integrating these controlled capturing movements, this study aims to provide an
optimized and reproducible approach to filming for high-quality 3D reconstructions.

These techniques were not used for comparison but combined into the different
capturing methods to complement each other during the capturing process. Each technique
was applied based on the specific spatial requirements of the scene.

2.3.2. Scanning Methods Comparison

Orientation Impact on 3D Reconstruction Quality

This test examines the impact of landscape and portrait modes on 3D reconstruction.
Landscape mode (horizontal orientation) captures wide scenes, providing a broader field of
view and more horizontal overlap between frames. This will ensure comprehensive scene
coverage. Portrait mode (vertical orientation) is ideal for tall objects, offering better vertical
detail with more overlap on the vertical axis. By capturing the same environment in both
modes, the differences in data quality, level of detail, and accuracy of the 3D reconstructions
were assessed.

Effect of Walking Speed on 3D Reconstruction Quality

During filming, the camera operator navigates through the environment to collect data.
If the camera operator moves too quickly, some video frames may become blurry because
the autofocus cannot keep up. This test aims to examine the impact of blurry frames on
3D reconstruction. The difference in movement speed was assessed by comparing video
lengths. Specifically, the duration of the video recorded at a slower movement speed is
expected to be twice as long as the video recorded at a faster movement speed.

Layering Technique for Enhanced 3D Reconstruction

Based on preliminary research, the importance of capturing an environment at various
heights has been identified. For methods 1 to 10, we utilized a 3-layer technique, with
cameras positioned at 0.3 m, 1 m, and 1.7 m. This approach allows for more comprehensive
data capture, leading to a better overall picture of the environment and improved 3D
reconstruction. However, capturing the environment with more layers does increase the
time required. The test aims to examine the difference in 3D reconstruction quality when
capturing the environment with 1, 3, or 5. The same object/zone was filmed using identical
settings and setup, but the number of layers was varied. The 5 passes that have been taken
are shown in Figure 3. For 1 pass we used camera pose 3, for 3 passes we used 1, 3, and 4,
for 5 passes we used all 5 of them.
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Figure 3. Layering technique, the numbers indicate the position of the layers.

Scanning Paths

The previously mentioned parameters play a crucial role in data collection. Another
significant factor is the specific path taken through an environment. Each path differs in
some way from each other. The results from testing the different filming paths were a base
for the next paths. This continued until there was a suitable path for the use case. All
the paths have been filmed with the same camera with the same settings. The different
scanning paths are captured with the optimal film technique which are concluded from
tests 1,2, and 3.

Below the scanning paths are displayed and shortly explained:

Method 1: Following the contours of the whole environment

The camera operator follows the contours of the environment while pointing the
camera inwards. The path is shown in Figure 4a. The camera operator starts in the upper
left corner.

(b)

Figure 4. (a) Method 1: Following the contours of the whole environment, (b) Method 2: Circle

around the main objects in the rooms in one path.

Method 2: Circle around the main objects in the rooms in one path

The camera operator follows circles partly around the main objects in the room in one
connected path. The objects are a dining table, kitchen table, kitchen, closet, and hallway.
This method is expected to create more detail of the individual objects because the focus
was more on that. The path is shown in Figure 4b. The camera operator starts in the upper
left corner.

Method 3: Circle around the main objects in the room and separate hallway

This method is similar to method 2, the main difference is that the hallway is filmed
separately from the kitchen/living room. At the end of the path in the living room, there is
an extra part added to obtain more data from the room from a distance. The path in the
hallway follows the same principle as in method 1. The two videos are combined in the 3D
reconstruction algorithm separately to create two reconstructions. The paths are shown in
Figure 5a.
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(b)

Figure 5. (a) Method 3: Circle around the main objects in the room and separate hallway, (b) Method
4: Four passes in the living room and separate hallway.

Method 4: Four passes in the living room and separate hallway

The camera operator makes two separate passes while facing the camera inward on
the horizontal axis. On the vertical axis in the living room, the camera was facing outwards.
In the hallway, the cameraman should make two horizontal passes on either side while
facing the camera inwards. The paths are shown in Figure 5b.

Method 5: Individual objects

Every main object/zone will be filmed separately to create more detail. The different
paths are shown in the image to the left. The path is shown in Figure 6a. The room is
separated in the following objects/zones: leather seat, side table, dining table, kitchen table,
closet, kitchen, corner closet, and hallway. With this method, the videos will be put in the
3D reconstruction algorithm separately.

(b)

Figure 6. (a) Method 5: Individual objects, (b) Method 6: Alternative to Method 1.

Method 6: Alternative to Method 1

This method is the same as method 1 but now the living room and the hallway are
separated. The two videos will be put in the 3D reconstruction algorithm separately. The
path is shown in Figure 6b.

Method 7: Three-zone scans

The room is separated into three zones; each zone was captured separately. The path
is shown in Figure 7a. Zone one (blue) captures the living area, zone two (red) captures the
kitchen area, and the third zone (purple) captures the hallway. These three zones/videos
will each be put in the 3D reconstruction algorithm separately.

Figure 7. (a) Method 7: Three-zone scans, (b) Method 8: Three-zone scans v2.
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Method 8: Three-zone scans v2

It was found in the previous testing round that the best results were obtained when
the room was divided into multiple zones. In Method 8, as shown in Figure 7b, the setup
involves two loop closures: one at the coffee table and one in the hallway.

Method 9: Two zone scans

Method 9 involves capturing two videos and is presented in Figure 8a. One circles
around the coffee table, while the other follows a continuous path around the dining
table, kitchen, and hallway. This approach is expected to improve capture of the hallway.
However, it may overlook some details, specifically the windows and the closet in the
hallway corner. To address this, it is important to focus on capturing these features when
rounding the corner.

Figure 8. (a) Method 9: Two zone scans, (b) Method 10: Alternative of Method 8.

Method 10: Alternative of Method 8

This method is similar to method 8; the only difference is the extra loop around
the closet. This path is shown in Figure 8b. This method is expected to have a better
reconstruction of the black cabinet.

2.4. Comparative Analysis Criteria

In this study, we captured a continuous video sequence using a handheld camera,
which was then processed into a 3D reconstruction model. The 3D reconstruction is assessed
using certain viewpoints in the 3D reconstruction. These viewpoints were chosen for their
ability to represent different textures, lighting conditions, and surfaces common in indoor
crime scenes.

There are three focus areas: the living room with a coffee table, the kitchen with a
dining table, and the hallway. These areas offer varying textures and lighting challenges,
making them ideal for comparison. The 3D reconstructions were evaluated based on three
criteria: (1) Noise (artifacts in the model), and (2) Details (fidelity of the reconstruction),
(3) Splats. In Table 1, these criteria are rated on a 1-5 scale, allowing us to systematically
compare different scanning methods. This framework adds a novel approach for assessing
3D reconstructions in forensic applications.

Table 1. Criteria for comparative analysis.

Criteria 1 2 3 4 5
. There is some ..
There is too much . . ] Almost no noise is
noise present, and There is too much — noise present; present, and the
Noise ’ noise present, but however, the ! There is no noise

nothing can be
seen

the room is visible

outline of the room
is still visible

room is quite clear
in visibility
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Table 1. Cont.

Criteria 1 2 3 4 5
Details (focus on The reconstruction  The reconstruction Capable of Extremely detailed;
blue bottle. walls appears pixelated,  is pixelated, but it Identification of accurately there is no
whiteboar é TV ’ yetitis discernible  is still possible to the obiect tvpes is identifying the discernible
and TCI co f,fee ! that an object discern the object casil ]achieyfable object and difference between
mug) should be present  type (e.g., table, y providing brand the model and the
& in that location chair, paper) information video
Below 250,000 Between 300,000 Between 400,000 ??Ztvse 430,000
splats Ver,y sparse Between 250,000 and 400,000 splats,  and 450,000 splats, escep’;ionally
Splats (count) data léa ding to low and 300,000 splats, ~moderate data high data density dense data
reconstruction sparse data with density but some with uniform rovidine superior
fidelit visible gaps inconsistencies in coverage and l: econstr fc tiorrjl and
y texture mapping minimal artifacts texture quality
3. Results

3.1. Orientation Impact on 3D Reconstruction Quality

The purpose of this test is to evaluate the difference in the quality of 3D reconstructions
between environments captured in portrait mode and landscape mode. During the scan-
ning process, Method 6 is employed. The difference between portrait and landscape modes
is slight but noticeable. As illustrated in Figure 9, the quality is generally comparable.
However, in portrait mode, the wall with leaves exhibits a duplicated black closet, and the
wall continues beyond this duplicated closet. This anomaly is absent in landscape mode.

a) Portrait mode

b) Landscape mode

Figure 9. A comparison of 3D reconstructions in (a) Portrait mode, and (b) Landscape mode. The
portrait mode reconstruction shows a duplicated black closet artifact, extending beyond the actual
scene. This anomaly is absent in landscape mode, which provides better spatial accuracy by ensuring
more horizontal overlap for feature matching.

Additional scans comparing the two orientations consistently showed that landscape
mode yields slightly better results. The primary conclusion is that filming in landscape
mode is superior to portrait mode. We hypothesize that portrait mode is slightly inferior
because most data overlaps on the vertical axis rather than the horizontal axis. Given that
the camera operator moves along the horizontal axis, horizontal overlap is preferable to
ensure features are recognized and matched more frequently.

3.2. Effect of Walking Speed on 3D Reconstruction Quality

The duration of the video recording determines the velocity of the camera operator.
The trajectory followed by the camera operator remains consistent across both videos.
However, the speed at which the operator moves varies. This study evaluated two walking
speeds: slow speed at 0.085 m/s and normal speed at 0.164 m/s. The speed velocity was
measured by Garmin Fenix 6 Pro Solar [36] and later verified by calculation. The duration
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of the video recorded at normal speed (3:43 min) is approximately twice as long as that of
the faster video (1:56 min).

The differences between the fast and slow recordings are clearly evident. At a slower
speed, more details, particularly smaller objects, become visible. Additionally, there is
significantly less noise in the 3D reconstructions produced from the slower video. This
experiment demonstrates that slower filming speeds enhance the detail of the reconstruc-
tion. The underlying reason is that a longer video provides more frames for the algorithm
to select from. Furthermore, slower movements allow the camera more time to focus on
the environment, thereby improving the quality of the 3D reconstruction. Another factor
is that slower movements result in greater frame overlap, which increases the number of
features that can be matched between frames. All this is visible in Figure 10.

a) Fast walking speed b) Normal walking speed

Figure 10. (a) Fast walking speed, (b) Normal walking speed.

In contrast, faster walking speeds, such as 0.164 m/s or above, significantly reduce
the recording time and data size, making the process more efficient in terms of storage
and computational load. However, this comes at the cost of increased motion blur and
reduced frame overlap, which can compromise the accuracy of feature matching. For
scenarios where reconstruction speed is prioritized over precision, faster speeds may still
be acceptable, but they are not ideal for environments requiring high-detail reconstructions.

In summary, a slower filming speed increases the amount of data, enhances the quality
of the data, and facilitates the matching of more features between frames, all of which
contribute to higher-quality 3D reconstructions. It is recommended to use a walking speed
of approximately 0.09 m/s to 0.12 m/s to balance clarity and efficiency.

3.3. Layering Technique for Enhanced 3D Reconstruction

The choice of using 1, 3, and 5 layers for the layering technique was guided by
preliminary testing and practical constraints. A single-layer scan provides a baseline for
comparison, representing the simplest and fastest capturing method. The three-layer
configuration was chosen based on prior studies suggesting that capturing data at multiple
heights enhances reconstruction fidelity without significantly increasing processing time.
The five-layer configuration was included to test whether additional layers provide further
improvements. Other configurations (e.g., 2, 4, or 6 layers) were initially considered,
but early experiments indicated diminishing returns beyond three layers, as additional
passes introduced excessive data without significantly enhancing reconstruction quality.
Moreover, higher layer counts increased processing time and data complexity, making
them less practical for real-world forensic applications.

Preliminary research underscores the significance of capturing an environment at
varying heights to maximize data acquisition. This test aims to analyze the impact of
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using 1, 3, or 5 layers on the quality of 3D reconstruction. To evaluate the quality of each
reconstruction, three reference images are utilized: the top of the table, the bottom of the
table, and the ceiling. For an optimal 3D reconstruction, all these components should be
clearly visible and of high quality.

Top of the Table:

e  All three reconstructions (1, 3, and 5 layers) provided clear visibility of the tabletop.

e  The scan with a single layer showed the sharpest 3D reconstruction with minimal
noise.

e  The scans with 3 and 5 layers, while acceptable, were slightly less sharp compared to
the single-layer scan.

Bottom of the Table:

e  The single-layer scan failed to capture the bottom of the table and the sides, including
the legs of the chairs.

e  Both the 3-layers and 5-layers scans successfully captured the bottom of the table and
the chair legs.

e  The 3-layers scan performed better in visualizing the sides and bottom of the table
compared to the 5-layers scan.
Ceiling:

e  The ceiling in the single-layer scan appeared pitch black due to the absence of data,
which the Al algorithm filled with black.

e  The difference between the 3-layers and 5-layers scans was minimal, with the 3-layers
scan being slightly sharper.

A single-layer scan is effective for capturing specific details, such as the surface of a
table, but falls short when it comes to achieving a complete 3D reconstruction of an entire
environment. The difference between the 3-layers and 5-layers scans was minimal, with the
3-layer scan often outperforming the 5-layer scan. This may be attributed to the 5-layers
scan providing excessive data, complicating the algorithm’s ability to accurately align the
frames. For this case, a 3-layers scan is sufficient. All of the above is visible in Figure 11.

a) 1 Layer b) 3 Layers c) 5 Layers

Figure 11. Layering Technique for Enhanced 3D Reconstruction (a) 1 Layer, (b) 3 Layers, (c) 5 Layers.
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3.4. Most Optimal Scan Method
3.4.1. Summary of Methods

All the methods mentioned above have been tested. The chosen method within an
environment significantly impacts the quality of the 3D reconstruction. Each scan was
evaluated based on the amount of noise present, the level of detail achieved, and the
number of splats (data density). The results varied across the different scans. The poorest
quality was observed in Method 3, where the 3D reconstructed environment was barely
recognizable, with a splats count of only 250,265 (rating 2). In contrast, Methods 5, 8,
and 10 yielded excellent results, characterized by high detail, minimal noise, and high
splats counts of 432,640, 489,000, and 474,357 (ratings 4 and 5), respectively. These three
reconstructions will be discussed in detail in the next section.

The analysis primarily concludes that capturing the hallway, living room, and kitchen
in a single video is ineffective. The algorithm receives an excessive amount of data, resulting
in a poorly reconstructed model. Dividing the environment into multiple scans enhances
the reconstruction quality, making it more detailed. The splats metric further supports
this conclusion, as it quantifies the density of data points (splats) in the reconstruction.
A low splats count, such as in Method 9 (212,211, rating 1), often indicates insufficient
data density, leading to sparse or incomplete reconstructions. These models may exhibit
noticeable gaps, lower texture quality, and reduced accuracy, making them unsuitable for
applications requiring high fidelity, such as forensic investigations.

Conversely, a high splats count, as observed in Methods 5, 8, and 10 (432,640, 489,000,
and 474,357 splats, ratings 4 and 5), reflects a dense and uniform distribution of data points.
This results in smoother surfaces, reduced noise, and improved texture mapping quality,
all of which contribute to more realistic and detailed 3D reconstructions. However, an
excessively high splats count can also increase computational requirements, making the
processing more resource intensive. This trade-off highlights the need to balance splats
density with practical workflow considerations.

For the room used in these tests, segmenting it into a maximum of three segments
ensures an optimal balance. This approach achieves sufficiently high splats counts for
accurate reconstructions without overwhelming the reconstruction algorithm or requiring
excessive computational resources. By leveraging the splats metric as an additional evalua-
tion criterion, it becomes evident that methods focusing on segmentation and optimized
data density produce the best results for detailed and reliable 3D reconstructions.

Reflecting on Method 5, scanning around a specific object (loop closures) proved bene-
ficial. For instance, the scan around the coffee table produced a high-quality reconstruction.
For scans 8 and 10, the environment was divided into three paths, which resulted in the best
reconstructions. However, reconstructing the hallway remains difficult due to its height,
narrowness, and large monotone surfaces, which complicate the reconstruction process.
The analysis of all scanning methods is visible in Table 2.

Table 2. Comparison of Scan Methods.

Scan Methods Noise Details Splats
3 4 4

N OO W=
N Wk =N
B Wk W W
N W TN W
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Table 2. Cont.

Scan Methods Noise Details Splats
8 4 4 5
9 2 3 1
10 4 5 5

3.4.2. Method 5

Method 5 yielded promising results. In this scan, each object or area was individually
scanned, resulting in nine separate 3D reconstructions. Most of these individual recon-
structions were high quality. Among the nine reconstructions, images were captured of the
kitchen, the kitchen table, and the coffee table, as illustrated below. Figure 12 showcases
the reconstruction of the kitchen table, where the table, coffee cups, and chairs are clearly
visible with minimal noise in the 3D data. The objects on both the kitchen table and counter
are well-defined and easily identifiable as shown in Figure 13.

Figure 12. Method 5—Scanning kitchen and tabletop.

Figure 13. Method 5—Kitchen counter.

Overall, scanning specific objects or zones led to more detailed and accurate 3D
reconstructions, confirming that isolating individual areas improves reconstruction quality.
However, one limitation is that current 3D reconstruction technology still requires manual
work to merge separate scans. This means that each scan must be cropped, resized, and
aligned to assemble a complete 3D reconstruction of an entire room. While larger zones
can be connected, merging nine separate reconstructions would be time-consuming and
challenging. Given the current limitations in splat file editing applications, this process is
cumbersome and impractical for now. In summary, while focusing on individual zones
enhances the quality of 3D reconstructions, this method is not yet feasible for whole-
room reconstructions until more advanced algorithms or tools are developed to automate
merging and clean up multiple 3D scans.
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3.4.3. Methods 8 and 10

Methods 8 and 10 are identical, with the exception that in Method 10, the area around
the coffee table is extended to include the side of the black cabinet, resulting in a complete
reconstruction of the cabinet. Figures 14 and 15 show screenshots of the cabinet, kitchen,
and coffee table, all of which are captured detailed. Some items even have readable text.
However, there is still some noise in the reconstructions, although this can be removed

with further processing.

Figure 15. Tabletop results from Method 8 and Method 10.

In summary, Method 5 produced very detailed 3D reconstructions of individual objects
and areas. However, due to the lack of effective techniques for stitching 3D reconstructions,
this method is not suitable. It takes too much time to attach nine smaller 3D reconstructions
to each other. Method 10 emerged as the best scan path. The general living /kitchen area
was reconstructed well while maintaining an efficient workflow. However, despite its
effectiveness in more complex areas, limitations persist, particularly in narrow or feature-
less spaces like hallways. The inability to effectively stitch reconstructions of individual
objects into a cohesive whole reflects current technological constraints in handling multiple
separate scans.

4. Discussion

This section evaluates the implications of the findings on capturing techniques for 3D
reconstruction, emphasizing their practical applications, limitations, and alignment with
the existing literature. By comparing the observed results with previous studies, this section
identifies how specific capturing methods influence reconstruction quality, noise reduction,
and detail accuracy. Additionally, it highlights the potential for refining current workflows,
addresses the limitations imposed by technological constraints, and proposes avenues for
future research to enhance the efficiency and adaptability of 3D reconstruction processes.
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4.1. Comparison with the Literature

The importance of slow, deliberate camera movements in improving 3D reconstruction
quality is well-documented. Zhang et al. [37] highlighted that optimized camera trajec-
tories, such as those implemented in ROSEFusion, enhance feature matching and reduce
noise artifacts even under dynamic conditions. Consistent with their findings, our study
demonstrated that slower camera movements produced higher-quality reconstructions,
with improved detail and reduced noise. This is attributed to increased frame overlap and
better focus, aligning with the broader consensus in the literature.

Camera orientation also plays a pivotal role in the quality of 3D reconstructions. While
portrait and landscape modes offer unique advantages, landscape orientation is generally
preferred for its broader field of view and greater horizontal overlap. This observation is
supported by principles in photogrammetry, which emphasize the importance of maximiz-
ing overlap for better feature recognition [38]. Our results reinforce this understanding,
with landscape mode consistently yielding superior reconstructions compared to portrait
mode, especially for horizontally expansive environments.

Reconstructing narrow or featureless spaces remains a persistent challenge. Lu
et al. [39] identified that such environments hinder feature detection, impacting reconstruc-
tion accuracy. This was evident in our study, where hallways posed significant difficulties
for reconstruction algorithms due to their monotone surfaces and lack of distinctive features.
However, our segmentation-based methods, particularly Method 10, showed promise in
mitigating these issues by dividing environments into manageable zones. This approach
echoes similar strategies proposed in prior research but extends them by incorporating
Gaussian Splatting techniques to further enhance reconstruction fidelity.

4.2. Potential Applications

The findings of this research have significant implications across multiple fields re-
quiring high-quality 3D reconstructions. In crime scene investigations, accurate 3D models
enhance evidence analysis and presentation by capturing spatial relationships and event
sequences. Beyond forensics, these optimized methods support architecture, archaeology,
and cultural heritage preservation, enabling precise, non-invasive documentation and
restoration efforts while enhancing public engagement through virtual experiences.

In VR and AR, high-quality 3D models improve realism and immersion, benefiting
training simulations, gaming, and education. By applying the recommended capturing
techniques, developers can achieve clearer, more detailed models, broadening the applica-
bility of 3D reconstruction technology across diverse professional domain

4.3. Limitations and Future Research
4.3.1. Limitations

This study had several limitations. The experimental setup was constrained by the
available space and objects, which may not be fully representative of typical crime scenes.
Additionally, the inability to fully automate the merging of individual object scans into
a single coherent model limited this study’s application to real-world crime scene recon-
struction. This study was also limited by the specific technology and software used for 3D
Gaussian Splattering (3D-GS), which may not have been the most advanced available at
the time. The manual intervention required in aligning multiple scans remains a challenge,
emphasizing the need for more sophisticated algorithms and tools for future studies.

Another limitation to consider is domain shift, which occurs when the developed
methods are applied to environments significantly different from the controlled indoor
settings used in this study. For example, outdoor crime scenes or disaster sites intro-
duce unique challenges, such as dynamic lighting, larger spatial dimensions, and less
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predictable textures. These shifts could affect the performance of Gaussian Splatting and
NeRF algorithms, necessitating domain-specific adaptations or improvements to maintain
reconstruction quality. This will be a topic for future research. Initial experiments have
already started, and the domain shift is considered.

While this study identified optimal filming techniques for indoor crime scene recon-
structions, their generalizability to other environments, such as outdoor scenes or highly
reflective surfaces, remains an open question. Outdoor crime scenes introduce additional
challenges, including variable lighting, weather conditions, and larger spatial areas, which
may impact the effectiveness of the scanning paths and layering techniques used in this
study. Similarly, scenes with highly complex or featureless surfaces, such as reflective floors
or monochromatic walls, could require adjustments to filming strategies to ensure sufficient
feature matching. Future work should investigate how these techniques perform under
different environmental conditions and whether adaptive filming strategies, such as expo-
sure compensation or alternative scanning paths, are necessary to maintain reconstruction
quality across diverse crime scene scenarios.

4.3.2. Future Research

Future work should focus on overcoming the limitations of merging multiple scans
into a cohesive whole, perhaps by advancing the software algorithms used in 3D recon-
struction. Further exploration into using more advanced stabilizers or integrating markers
within the scene could enhance the quality of the reconstructed models. Additionally,
investigating how different lighting conditions or environments affect the 3D Gaussian
Splattering process could broaden the applicability of this method in real-world crime
scene reconstructions. There is also room for improvement in the reconstruction of narrow,
featureless spaces like hallways, where more specialized techniques may be necessary.

Expanding the scope of future work, we also plan to explore the application of these
methods in diverse indoor and outdoor environments. While this study focused on simu-
lated indoor scenarios for ease of replication, real-world environments such as abandoned
buildings, train stations, or underground tunnels and outdoor areas present unique chal-
lenges, including variable lighting and complex spatial layouts [40]. For instance, outdoor
environments may introduce domain shift due to differences in lighting conditions, ob-
ject textures, and spatial dimensions, potentially affecting the performance of Gaussian
Splatting and NeRF algorithms. Addressing these challenges through adaptive techniques,
such as fine-tuning algorithms for specific domains or integrating more generalizable
approaches, would significantly enhance the robustness of these methods. As an example,
we are currently experimenting with 3D reconstructions of arson scenarios, which require
capturing detailed and accurate representations of fire-damaged structures and debris.
Initial work with cases of arson in both indoor and outdoor locations, as shown in Figure 16,
demonstrates the need to test the adaptability and scalability of the proposed methods
under diverse conditions. These efforts aim to ensure that the methods remain effective
across varying scenarios, thereby expanding their utility in real-world forensic applications.

Future research could focus on integrating real-time feedback mechanisms during
the filming process to enhance data acquisition. Such systems could identify areas with
insufficient data coverage, where low frame density might lead to poor textures, artifacts,
or cloud-like distortions in the final reconstruction. By providing immediate visual cues or
alerts, operators could adapt their filming strategy on the spot, ensuring better coverage of
critical areas before processing begins. This would help minimize gaps and inconsistencies,
reducing the need for re-scanning and improving the overall quality of 3D reconstructions.
Implementing this approach could lead to more efficient workflows, as adjustments could
be made in real-time rather than relying solely on post-processing corrections
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Figure 16. 3D reconstruction of arson.

5. Conclusions

This study explored various parameters influencing the quality of 3D reconstructions
in forensic contexts, focusing on capturing methods using handheld cameras in indoor
environments. By systematically adjusting factors such as camera orientation, filming
speed, layering techniques, and scanning paths, the research identified the most effective
strategies for achieving detailed and accurate reconstructions of crime scenes.

The findings highlight the advantages of using a landscape orientation over a portrait
mode, as it offers superior horizontal overlap, which is essential for aligning features
effectively. This minimizes anomalies and ensures a more consistent reconstruction qual-
ity. Furthermore, the results demonstrated that slower camera movements significantly
enhance the quality of reconstructions. The additional frames captured during slower
movements allow for improved data quality and better feature matching, leading to recon-
structions with higher detail and reduced noise.

In terms of layering, this study found that capturing the environment at three different
heights provides an optimal balance between detail and processing efficiency. While
additional layers occasionally introduced noise, the three-layer approach captured sufficient
vertical data to reconstruct both the tops and bottoms of objects effectively. Scanning
individual objects or areas, as seen in Method 5, produced high-quality reconstructions
but was impractical due to the challenges of merging separate scans into a cohesive whole.
Method 10, which employed segmented scanning with an additional loop for specific
areas, emerged as the most practical approach, balancing detail and workflow efficiency.
However, difficulties remained in reconstructing narrow, featureless spaces like hallways,
underscoring limitations in current algorithms.

These findings provide valuable insights for forensic investigations, offering guidance
on optimizing 3D reconstruction techniques with current technologies. While promising,
this study also highlights the need for advancements in software to automate the merging
of segmented scans into unified models. Future research could explore marker-based
scanning techniques and more sophisticated reconstruction algorithms to address these
challenges, enhancing the practical applicability of the proposed methods in real-world
forensic scenarios.

By improving the quality and efficiency of 3D reconstructions, this study contributes to
forensic science, architecture, and other fields requiring accurate spatial modeling, paving
the way for more reliable and immersive applications of 3D technology.
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Abstract: Image-based 3D reconstruction enables robot-assisted interventions and image-
guided navigation, which are emerging technologies in laparoscopy. When a robotic arm
guides a laparoscope for image acquisition, hand—eye calibration is required to know the
transformation between the camera and the robot flange. The calibration procedure is com-
plex and must be conducted after each intervention (when the laparoscope is dismounted
for cleaning). In the field, the surgeons and their assistants cannot be expected to do so.
Thus, our approach is a procedure for a robot-based multi-view 3D reconstruction without
hand-eye calibration, but with pose optimization algorithms instead. In this work, a robotic
arm and a stereo laparoscope build the experimental setup. The procedure includes the
stereo matching algorithm Semi Global Matching from OpenCV for depth measurement
and the multiscale color iterative closest point algorithm from Open3D (v0.19), along with
the multiway registration algorithm using a pose graph from Open3D (v0.19) for pose
optimization. The procedure is evaluated quantitatively and qualitatively on ex vivo or-
gans. The results are a low root mean squared error (1.1-3.37 mm) and dense point clouds.
The proposed procedure leads to a plausible 3D model, and there is no need for complex
hand-eye calibration, as this step can be compensated for by pose optimization algorithms.

Keywords: Image-based 3D reconstruction; laparoscopy; multi-view reconstruction;
robot-assisted intervention; stereo vision

1. Introduction

Multi-view image-based 3D reconstruction describes the stitching of multiple depth
maps of an object into a single 3D model. In laparoscopy, this could include the stitching
of abdominal organs such as the liver or gallbladder. The advantage of multi-view recon-
struction is that multiple perspectives of an organ can be observed, leading to a complete
3D model (rather than only parts of an organ), which is necessary for applications such as
image-guided navigation and robot-assisted interventions. It requires two separate tasks:
depth estimation and camera pose estimation. This article describes a procedure to achieve
a complete 3D model of abdominal organs, with a focus on the second task, pose estimation.

J. Imaging 2025, 11, 44 https://doi.org/10.3390/jimaging11020044
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A robot delivers an initial guess for the camera pose, which is then optimized by two pose
optimization algorithms. For the experimental setup, a stereo laparoscope and a robotic
arm for camera guidance are utilized.

1.1. Related Work

In the literature, there are a few articles about multi-view reconstruction based on stereo
laparoscopes. Reference [1] used stereo frames for depth estimation and combined optical
tracking and an iterative closest point (ICP) algorithm for camera pose estimation. The accuracy
was not measured. Similar to this, Reference [2] took calibrated stereo images and compared
three different pose estimation algorithms, including simultaneous localization and mapping
(SLAM), visual odometry (VO), and structure from motion (SfM), to reconstruct a phantom
surgical cavity. Their findings indicated that SLAM is the most promising algorithm due to its
fastest computation time and high accuracy and precision (a little less than SfM). For accuracy
measurement, the root mean squared error (RMSE) was applied and resulted in 13.97 mm.

In contrast to these two studies, Reference [3] designed a stereo endoscope with two
different states of stereo bases, which can be applied by pushing a button. By using a feature
algorithm, they calculated a homography matrix to stitch together two monocular images
taken from a bigger stereo base. Here, the accuracy was not measured. Reference [4] applied
SLAM for camera pose estimation and a stereo matching algorithm for 3D reconstruction.
In the end, they wanted to overlay augmented information during minimally invasive
surgery (MIS). The measured RMSE for a simulated abdominal scene amounted to 2.37 mm.

Reference [5] proposed a method for 3D reconstruction based on a SLAM algorithm,
in which feature patch extraction replaced feature point extraction, making the algorithm
more robust. The method was validated on the laparoscopic in vivo Hamlyn dataset, and
the RMSE varied between 5.2 mm, 2.3 mm, and 1.3 mm depending on the image resolution—
the lower, the worse the RMSE. Reference [6] described the development of an autonomous
scanning and mosaicking system with the help of the da Vinci ® surgical robot (Intuitive
Surgical, Sunnyvale, CA, USA), an endomicroscope, and a stereo laparoscope. The camera
motion estimation was performed by a tracking marker on the endomicroscope and the
acquired images. There was no information offered about the 3D reconstruction accuracy.

Reference [7] used stereoscopy for 3D reconstruction and a 2D feature tracking algo-
rithm for motion estimation to register the reconstructed points to a preoperative volumetric
scan, reporting a registration error for intraoperative data of 1.6493 mm (error between
points on the registered stereo reconstruction and the corresponding points on the preoper-
ative volume). Reference [8] took stereo laparoscopic images and a SLAM algorithm called
EMDQ-SLAM for 3D reconstruction, as well as camera motion and tissue deformation
estimation. The accuracy was not computed.

1.2. Camera Pose Estimation by Uncalibrated Robot Position Combined with Pose
Optimization Algorithms

Most of the aforementioned papers only focus on handheld laparoscopes, which is
fine, as this is the state-of-the-art for most surgeons. However, the amount of robot-assisted
surgery (RAS) increases yearly [9-12]. Research even gets a step further in the direction
of autonomous robotic surgery as in [13-15]. In Reference [14], 3D reconstruction of the
surgical scene is the basis for an autonomous suturing experiment. Thus, 3D reconstruction
is an enabling technology for autonomy in RAS. Moreover, a robot-guided camera brings
advantages to our 3D reconstruction approach, such as the precise execution of movements,
the standstill during image acquisition, and the known robot position. Accordingly, this
work presents a procedure to create a 3D model by utilizing the stereo laparoscope TipCam
Rubina 15 30° (KARL STORZ SE & Co. KG, Tuttlingen, Germany) guided by the UR5 CB3
robotic arm (Universal Robots A /S, Odense, Denmark).
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When a camera is mounted on a robot’s flange, hand—eye calibration is usually exe-
cuted to know the exact transformation between the camera and the robot frame [16]. There
are different approaches to achieving this, and often such a process requires targets such as
chessboard patterns or QR code-like patterns, making it complicated and error-prone [17].
Especially, surgeons and their assistant staff cannot be expected to execute it. Ref. [18]
developed a hand-eye calibration routine without such printed targets but instead used
the instruments during the intervention as targets. It resulted in a 3 mm accuracy of the 3D
instrument positioning error, which might not be enough for a submillimeter-accurate 3D
reconstruction. As discussed in [19], small measurement errors in the robot flange position
lead to amplified errors at the laparoscope tip. Both the complicated hand-eye calibration
process and the risk of errors motivate us to examine if hand-eye calibration can be left out
and be substituted by plain image-processing or point cloud-processing software. Thus,
the camera pose estimation does not rely solely on the robot but on the robot position
combined with an ICP and a pose graph optimization algorithm.

2. Methods

The challenge of multi-view compared to single-shot 3D reconstruction is that not
only the depth is estimated, but also these separate depth maps must be stitched together.
Thus, two tasks can be separated:

1.  Depth estimation for point cloud generation;
2. Camera pose estimation and optimization for point cloud stitching (the focus of this work).

There are different image-based methods to realize the first task, e.g., Structure-from-
Motion (S5fM), Shape-from-Shading (SfS), Time-of-Flight (ToF) cameras, and stereoscopy, as
presented in [20]. In this work, stereoscopy is chosen for depth estimation (see Figure 1,
showing the laparoscope tip with two image sensors). The reason is that compared to mono
camera systems, the second camera delivers additional information, which enables 3D
vision and accurate depth estimation as shown in [21]. Moreover, stereo camera systems
are state-of-the-art systems for laparoscopic interventions [20].

Figure 1. Schematic overview of the 3D reconstruction method stereoscopy. It shows the surface to be
reconstructed, with point P in blue, the laparoscope tip with two image sensors generating the estimated
depth (black arrow), and the estimated camera positions (x marks and dotted line).

The second task is relevant for aligning each single point cloud with its neighboring
point cloud, leading to a complete merged point cloud in the end. This requires knowledge
about all the passed camera positions (see Figure 1, black-dotted line). Ideally, the camera
pose is known by a sensor, e.g. inertial measurement unit (imu), but standard laparoscopes
do not include such and an imu suffers from drift, which leads to inaccurate poses. The
alternative is a pose estimation algorithm based on image/point cloud processing or robotic
guidance (where the camera position is known by the robot).
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In this work, the laparoscope is guided by a robotic arm, which brings the advantage
of knowing the robot flange position, and based on that, the camera position is calculated
by applying a transformation matrix. For submillimeter accuracy, hand-eye calibration
of the exact camera position relative to the robot flange would be necessary. As stated in
the introduction, an alternative procedure is examined to avoid hand-eye calibration by
instead utilizing two image-/point cloud-based algorithms for camera pose optimization,
namely an ICP and a pose graph optimization algorithm. To show the effectiveness of this
approach, three different stitching approaches based on the same stereo frames and the
same robot positions are created and compared. The difference between each stitching is
the method of pose estimation:

1. Rob only (only the uncalibrated robot positions are considered for stitching);

2. Rob +ICP (in addition to the robot position, the ICP algorithm is also applied for pose
optimization);

3. Rob +ICP + pose graph (our final approach, which utilizes the uncalibrated robot
position as an initial position guess alongside the ICP and pose graph algorithm for
pose optimization).

The following chapter presents the experimental setup, the software architecture

(including a detailed description of the ICP and pose graph optimization algorithm), and

the evaluation of the results.

2.1. Experimental Setup

The experimental setup includes the robotic arm UR5 CB3 (Universal Robots A /S, Odense,
Denmark) for camera guidance, the stereo laparoscope TipCam Rubina 15 30° (KARL STORZ
SE & Co. KG, Tuttlingen, Germany) (see Figure 2) for image acquisition, and the EinScan H2
laser scanner (Shining 3D Tech Co., Ltd., Hangzhou, China) for ground truth acquisition. The
stereo camera is angled at 30° and has an 80° FOV field-of-view (FOV). Each left and right
image frame offers a Full HD resolution of 1920 x 1080 pixels, and image processing is partly
run on an RTX A4000 graphics card (NVIDIA Corporation, Santa Clara, CA, USA). Ex vivo
pig organs were used for the qualitative and quantitative evaluation. In this work, the fulcrum
point—also known as the trocar point, which is the entry point of the laparoscope through
the abdominal wall—is not considered. This constraint complicates the robotic movement for
image acquisition because it reduces the six degrees of freedom (DOF) to four DOF. Thus, the
robot is positioned so that the camera viewing direction is perpendicular to the object surface,
and images are taken in a grid-shaped movement pattern. In total, 63 stereo frames are taken
with a 70 mm distance between the laparoscope tip and the object and around 10 mm distance
between neighboring image frames.

URS5 CB3
Mounting bracket

Figure 2. Schematic overview of the experimental setup. The TipCam Rubina 1S 30° is held by the UR5
CB3 robotic arm (Universal Robots A /S, Odense, Denmark). The video laparoscope is equipped with a
stereo camera system with chip-on-the-tip technology, which is angled at 30° and has an 80° FOV.
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2.2. Architecture of the Robot-Based 3D Reconstruction Procedure

The procedure includes four parallel running processes: Robot movement, image
capturing, point cloud creation and transformation (from camera coordinate system to
world coordinate system), and point cloud processing (see Figure 3). The latter process
includes the sub-processes point cloud appending, ICP computing and pose graph up-
dating, and visualization. After point cloud processing, two postprocessing steps—pose
graph optimization and mesh creation—are applied before user interaction begins. As
soon as the robot reaches the first position, the first stereo frame is taken to be processed
and visualized. As the robot moves on, more frames are taken, processed, and visualized.
After the last frame is acquired and processed, postprocessing begins. This multiprocessing
approach offers the advantage that the growing 3D model is already visualized during the
robotic movement.

Multiprocessing

Point cloud creation &

Robot movement - Image capturin :
g P g transformation

- Point cloud processing

) ) ICP transformation + . e
Point cloud appending — [ipdate e Eraphadees ad Visualization

!

Applying pose graph

SRt Create Mesh — Start User Interaction
optimization

Figure 3. Visualization of the architecture of the robot-based 3D reconstruction procedure.

2.2.1. Robot Movement

The robotic arm has a repeatability of £0.1 mm and is controlled by Python via the
real-time data exchange (RTDE) interface provided by Universal Robots A/S (Universal
Robots A/S, Odense, Denmark). The command used for robotic movement is called movel
(end_pose, a = 0.1, v = 0.05), which requires the target position, acceleration, and velocity as
input parameters. The target position is a 6 DOF vector containing Xx-, y-, and z-coordinates
and rx, ry, and rz as parts of the rotation vector. By default, this command works with
respect to the base coordinate system. The movement in this experiment follows a grid-
shaped pattern, which only changes in the x- and y-direction and is fixed in the z-direction
(compare with the world coordinate system in Figure 2).

2.2.2. Image Capturing

The images are captured as soon as the robot has reached its first resp. next target
position and has come to a stop. Images are only taken if the robot stands still. For this
experiment, the frame grabber USB Capture HDMI 4K Plus (Nanjing Magewell Electronics
Co., Ltd., Nanjing, China) is used. The stereo camera has been calibrated to undistort each
channel and align left to right.
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2.2.3. Point Cloud Creation and Transformation

Based on the calibrated stereo images, disparity maps are generated by the Semi
Global Matching (SGM) algorithm with the command cv2.cuda.createStereoSGM() by
OpenCV version 4.8.0, which can then be further converted into point clouds by the
OpenCV command cv2.reprojectimageTo3D().

Depending on the robot trajectory, the object is seen from different perspectives, and
for each perspective, a point cloud is generated. With the known robot position, these point
clouds are stitched together, leading to a complete point cloud of the scanned object. The
transformation from the robot flange to the camera is essential for stitching because, based
on this information, each perspective’s camera position is estimated. The transformation
from the camera tip position to the robot flange with respect to the robot base coordinate
system involves a 180° turn around the y-axis (¢ = 180°), a —30° turn around the x-axis
(0 = —30°), and a + 142° turn around the z-axis (i = 142°), which creates the rotation
matrix as in (1) and (2) and a translation in the z-direction of z = 580 mm as in (3). These
values arise from the CAD model (see Figure 2) and the OpenCV image frame convention,
which defines the coordinate origin to lie in the upper left corner of the image, the x-axis
pointing to the right and the y-axis pointing to the bottom. Due to the omitted hand-eye
calibration, the transformation from camera to robot flange is only based on the known
geometry of the mounting. This leads to uncertainties in the robot-based camera position
estimation and errors in the stitched point cloud.

R = Ry,tp X RZ,9 X Rx,w (1)
cos¢costl  —cos PsinBcos P +singsiny  cos ¢sin Osin ¢ + sin Pcos P
R = sin 6 cos fcos P —cos fsin i (2)
—sin¢gcos®  sin¢sinfcosp 4 cosPsiny  —sinPsin Osin P + cos Pcos P
0
t=10 3)
z

2.2.4. Point Cloud Processing

As said before, the missing hand-eye calibration causes positional errors in the 3D
model. Consequently, point cloud processing includes an ICP algorithm with the purpose
of an optimized surface alignment between neighboring point clouds. The algorithm used
in this work is the multiscale colored ICP algorithm from Open3D (v0.19) (cuda compatible)
and is based on the colored ICP registration algorithm from Reference [22], including
both geometry and color information by computing a joint photometric and geometric
optimization objective (03d.t.pipelines.registration.multi_scale_icp()). The goal is to find a
transformation T that aligns two colored point clouds by taking the colors (photometric
term Ec) and the geometry (geometric term Eg) as well as a weight o € [0, 1] into account,
as in (4) [22].

E(T) = (1 = 0)Ec(T) + 0Eg(T) @)

A further pose optimization is performed by the multiway registration algorithm via
pose graph by Open3D (v0.19) with the command 03d.pipelines.registration.PoseGraphy(),
which is based on References [23,24]. It is applied when multiple point clouds must be
aligned in a global space, and it tackles the challenge of pruning incorrect transformations
by modeling the validity of loop closure pieces with low overlap. The pose graph algorithm
defines nodes and edges, from which in our case the nodes contain the position information
coming from the robot, and the edges contain the transformation information computed
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by the ICP. The edges act as constraints between the robot poses (nodes). The goal of the
algorithm is to find a configuration of the nodes that is consistent with the information in the
edges. After each pairwise ICP transformation, the pose graph edges are updated with this
information. The final step of the pose graph algorithm is executed in the postprocessing
step because it is necessary that all positions of the robot trajectory have been reached
to connect not only neighboring and overlapping point clouds but also nodes of non-
overlapping areas. After ICP transformation and edge updating, the growing point cloud
is visualized.

2.2.5. Postprocessing

When all images are acquired, the visualized point cloud is closed, and postpro-
cessing starts. At this stage, pose graph optimization is executed by the command
03d.pipelines.registration.global_optimization(), which requires the previously created
map containing nodes and edges, as well as the optimization method based on the
Levenberg-Marquardt algorithm, which is known for a faster convergence compared
to the Gauss—Newton method. The global optimization is performed in two steps: the
first one considers all edges, and the second step prunes uncertain edges. After this,
the point cloud is finally transformed into a mesh by the Open3D (v0.19) command
03d.geometry.TriangleMesh.create_from_point_cloud_poisson() based on Reference [25],
which generates a watertight closed surface. It includes the color information, which is
stored in each point cloud and is transferred from there to every vertex (point building a
triangle) in the mesh. The colors between vertices are interpolated, which leads to a smooth
color distribution and reduces light reflections and non-uniform illuminations from the
captured images. Finally, the mesh is displayed to the user and ready for use.

2.3. Qualitative and Quantitative Evaluation of 3D Reconstruction

The qualitative evaluation focuses on a dense point cloud with fewer holes, color
fastness, and a plausible and steady topology. The quantitative evaluation focuses on
the root mean squared error (RMSE) of the reconstruction error, which is the distance
between 3D points on the reconstructed surface , and the corresponding points on the real
surface y; in mm, as in (5), with N representing the number of reconstructed points. The
reconstruction error is measured by aligning the reconstructed surface to the ground truth
surface, first manually and then by applying the ICP for fine-tuning.

©)

3. Results

The final experimental results are visualized as point clouds and as mesh (closed
surface) by the 3D mesh processing software MeshLab (Instituto di Scienza e Tecnologie
dell'Informazione, San Giuliano Terme, Italy). The qualitative results show a dense point
cloud (see Figure 4 (right) and Figure 5) with plausible topology and colors when compared
with the photography (see Figure 4 (left)).

The first task, “depth estimation for point cloud generation”, is performed by the
stereo matching algorithm SGM from OpenCV, and a part of the results can be seen in
Figure 6. There, six example images (always the left image) are presented showing excerpts
of the heart, liver, and gallbladder, and for each image, the corresponding depth map is
shown. The colors in the depth maps represent the depth with nan values in white, closer
objects in more yellowish tones, and objects further away in more blueish colors. The depth
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maps are mostly dense except for areas that are hidden from one of the two cameras or
areas with reflections.

Figure 4. Photography of pig organs (left) and screenshot of the reconstructed point cloud created by
our approach (right).

Figure 5. Screenshot of a section of the reconstructed point cloud in front view (left) and side
view (right).

Figure 6. Six example images from the examined dataset (always left images) (left) and the corre-
sponding depth maps with nan values in white, closer objects in more yellowish tones, and objects
further away in more blueish colors (right).
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The second task, “camera pose estimation and optimization for point cloud stitching”,
is performed by first transforming each point cloud based on the known robot position and
second by applying the ICP and pose graph algorithm. To show their effectiveness, three
different approaches are distinguished: Rob only, Rob + ICP, and Rob + ICP + pose graphs.
The corresponding resulting point clouds are presented in Figure 7. The Rob only approach
results in a stitched point cloud with edges between neighboring point clouds, which do
not fit very well (see an excerpt of the gallbladder in Figure 7 (top right)). The additional
use of the ICP improves the transitions between neighboring point clouds but lacks the
consideration of an overall position optimization (see Figure 7 (middle)). The reconstructed
gallbladder is not as round as it is. Thus, the pose graph algorithm ensures further position
optimization, which leads to an improved stitched point cloud (see Figure 7 (bottom)).
Here, the reconstructed gallbladder is round, the transitions between the neighboring point
clouds are smooth, and no edges can be observed.

Figure 7. Screenshots of the pig organ point clouds (left) and an excerpt with a focus on the
gallbladder (right) created by three different approaches: camera position estimation only by robot
kinematics (Rob only) (top), by robot kinematics + ICP (Rob + ICP) (middle), by robot kinematics +
ICP + pose graphs (Rob +ICP + pose graph) (bottom).

Compared to the point clouds seen in Figures 4 and 5, the point clouds in Figure 7
miss any filtering regarding the reflections. Moreover, the brightness distribution within
each single point cloud corresponds with the original colors of the image frames. There, the
corners of the image are darker than its center. The reflections are reduced by filtering out
those pixels with values over 0.97 (when the range for R, G, and B is from zero to one). As
mentioned in Section 2, the mesh function of Open3D (v0.19) interpolates colors between
vertices, leading to a smooth color distribution.
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The quantitative results are generated with the software CloudCompare 2.14.alpha
(www.cloudcompare.org). The reconstruction error is calculated by overlaying the recon-
structed point cloud onto the ground truth point cloud, on which the eight markers A0
to A7 on the ground truth and RO to R7 on the reconstructed point cloud are selected for
alignment (see Figure 8). Afterward, the ICP is applied for RMSE computation. The RMSE
value is 3.37 mm for the whole point cloud seen in Figure 8 and Table 1 (Rob + ICP + pose
graph), while the RMSE value is 1.1 mm for the excerpt seen in Figure 5. In comparison to
that, the RMSE value for Rob only is 6 mm, and for Rob + ICP without pose graph, it is
4.37 mm, which shows the improvement caused by the pose graph algorithm.

Figure 8. Screenshot of the ground truth point cloud (left) and the reconstructed point cloud by our
approach (middle) with markers AO-A7 and R0-R7. The markers are used for point cloud alignment
to compute the reconstruction error as RMSE. Screenshot of the overlaid ground truth in black and
the reconstructed point cloud in colors to compute the reconstruction error (right).

Table 1. Overview of the quantitative evaluation by computing the RMSE of the reconstruction error
depending on the pose estimation method: Rob only, Rob + ICP, and Rob + ICP + pose graph.

Pose Estimation Method RMSE in mm
Rob only 6.0
Rob + ICP 4.37

Rob + ICP + pose graph 3.37

4. Discussion

This work examined the impact of pose optimization algorithms on the appearance
and accuracy of stitched point clouds. The main achievement and contribution of this
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work is that the pose estimation error, caused by an uncalibrated robot-guided camera
system, can be corrected successfully by the Open3D (v0.19) pose optimization algorithm
multiscale colored ICP and the multiway registration algorithm via pose graph. This can
be observed in Section 3 (Figure 5). The results show that the combination of robotic
camera guidance with ICP and pose graph algorithms (Rob + ICP + pose graph) leads to
an accurate and realistic-looking 3D model of ex vivo organs. The appearance is similar to
the ground truth point cloud and the photograph. The accuracy of 1.1-3.37 mm is within
the range of other approaches dealing with ex vivo organs. Ref. [21] is a review focusing
on the reconstruction error with the finding that the error for ex vivo organs lies between
1.1 and 10.8 mm (RMSE), where some references only focused on a single shot and some
on multi-view reconstruction. Thus, our approach can compete with approaches with a
similar setup.

In this work, only ex vivo organs are used for validation. Open-source in vivo data,
including stereo images and robotic poses, do not exist, and an animal test is not yet
possible, which leads us to validate our approaches on ex vivo organs. The difference
between in vivo and ex vivo data is mainly the occurrence of instruments, blood, smoke,
and movements (breathing and intestinal peristalsis) in vivo. Instruments, blood, and
smoke will not be a problem in our case because the plan is to offer the 3D model as an
assistive tool for the surgeon during the intervention or to use it for autonomous camera
guidance, which means image acquisition must occur right before the surgeon starts the
intervention. The two things that happen in vivo and affect our 3D reconstruction are
movements emerging from breathing and intestinal peristalsis. Breathing takes place at a
certain frequency, which must be detected to compensate for it. If detected, images could be
taken directly after the exhalation cycle (empty lungs) or inhalation cycle (full lungs). That
would lead to two 3D models—fully inhaled and fully exhaled. This must be examined
in our next experiment and could be simulated with ex vivo organs by implementing a
motor that generates a breathing-like movement. A potential solution to avoid breathing
movements is to stop the breathing of the patient during image acquisition. If permitted by
the medical staff, the time for the whole organ scan must be reduced significantly to around
10-20 s. The occurrence of intestinal peristalsis is not predictable and leads to errors in the
stitching procedure (excessive movement and neighboring point clouds not matching). The
scan must be repeated.

In summary, for a final validation of our approach, an animal lab is required for in vivo
data. But for the current project state, the validation on ex vivo data is sufficient and more
ethically defensible.

According to Ref. [21], a standard validation scenario should be set up to compare our
approaches with those of other researchers. Because of this, the collected image data of the
ex vivo organs including the corresponding robot positions and the ground truth point
cloud of this experiment can be obtained from the authors. Ex vivo organs can already give
an indication of whether an approach works successfully in a real interventional scenario,
but in vivo data will additionally be required to critically validate an approach. Thus, our
approach must be validated in an animal lab to address challenges such as movements
(heartbeat, breathing, and intestinal peristalsis).

The fact that the fulcrum point is not considered in this work is a critical limitation.
The fulcrum point complicates adopting the ideal perspectives (perpendicular) from the
camera onto the tissue because it decreases the laparoscopic movement from six to only
four DOF [26]. To achieve coverage of all areas of the tissue, the laparoscope’s motion must
be a combination of rotation around its longitudinal axis and pivoting around the fulcrum
point. In this case, the translation of the camera position between neighboring frames
consists of rotation and translation related to various axes. In comparison to that, the
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omission of the fulcrum point allows a linear camera motion following only translational
changes in the x- and y-direction.

Moreover, reflections disturb the quality of the resulting point cloud, and filtering
is necessary. Also, the illuminance of the laparoscope’s light decreases with increasing
distance (following the inverse square law for illuminance) [27], which leads to a difference
in brightness within each frame. The result is darker colors in the image corners and
brighter colors in the image center, which also degrades the quality of the resulting point
cloud (mosaic-like appearance). However, not only the inverse square law for illuminance
causes the brightness difference, but also the image acquisition from different perspectives
and different working distances (distance between laparoscope tip and object). This leads
to different color appearances of the objects. This must be fixed by filtering.

Currently, the whole procedure takes three minutes depending on the number of
images. Most of the time is consumed by the initialization of the robot and the script (~30s),
the robot’s movement (~400 ms between frames), and the ICP and pose graph optimization
(~510 ms per frame pair). The next improvement for latency reduction is the installation of
a PCI express frame grabber by Magewell (Nanjing Magewell Electronics Co., Ltd., Nanjing,
China), which should reduce the current time (~250 ms) to grab a stereo frame.

5. Conclusions

This work presents a procedure to achieve a complete 3D model of the abdomen
and the internal organs. It requires a robotic arm and a stereo laparoscope for image
acquisition and pose estimation. The depth estimation is based on a stereo matching
algorithm and the camera pose estimation is a combination of the robot position and the
optimization algorithms ICP and multiway registration via pose graph—both provided by
Open3D (v0.19). For validation, ex vivo organs, including the heart, liver, gallbladder, and
lung, were collected along with a laser scanner for ground truth acquisition. The qualitative
results show dense point clouds, and the quantitative results show a high accuracy of
1.1-3.37 mm (RMSE of the reconstruction error) depending on the removal of outliers and
the region of interest (the larger the reconstructed area, the higher the reconstruction error).

The next steps will be the automatic trajectory planning and execution based on a
rough quick scan directly after laparoscope insertion (only a few millimeters inside the
abdomen), the automatic detection of holes in the 3D model as well as a method to fill the
holes, the improvement for real-time computation, and a proposal on how the surgeon
can apply the 3D reconstruction as an interactive 3D model to automatically guide the
laparoscope to a certain region of interest.
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Abstract: This article describes procedures and thoughts regarding the reconstruction of
geometry-given data and its uncertainty. The data are considered as a continuous fuzzy
point cloud, instead of a discrete point cloud. Shape fitting is commonly performed by
minimizing the discrete Euclidean distance; however, we propose the novel approach of
using the expected Mahalanobis distance. The primary benefit is that it takes both the
different magnitude and orientation of uncertainty for each data point into account. We
illustrate the approach with laser scanning data of a cylinder and compare its performance
with that of the conventional least squares method with and without random sample
consensus (RANSAC). Our proposed method fits the geometry more accurately, albeit
generally with greater uncertainty, and shows promise for geometry reconstruction with
laser-scanned data.

Keywords: uncertainty quantification; geometry reconstruction; laser scanning; point cloud

1. Introduction

In a typical shape-fitting problem with data covering the object’s surface (a so-called
point cloud), the distance between the points and the shape is used as the metric to quantify
how well a given shape fits the data. For example, in the least squares approach the sum
of the squared distances is used as the objective function to be minimized in order to find
the optimal shape parameters for the fitting problem. However, this approach does not
consider the inherent uncertainties in the measured point cloud data explicitly.

There are many sources of point location uncertainty, and moreover, the uncertainty
can vary a lot between the data points. For example, in light detection and ranging (LiDAR)
instruments, such as fixed position terrestrial laser scanning (TLS) instruments, the point
location uncertainty is affected by the range and resulting beam size and the incidence
angle between the laser beam and the measured object’s surface.

In this paper, we present a generalization of the shape-fitting problem with point cloud
data which considers the assumed/known uncertainty of each data point. In this general-
ization, we model the uncertainty of each data point explicitly with three-dimensional (3D)
distributions such as Gaussians, which may be of varying magnitude and orientation to
account for the differences in uncertainty between the data points. Thus, our data set for
the fitting problem is not a 3D point cloud but a so-called fuzzy point cloud; a cloud of 3D
distributions, and each of these distributions can be different in size and shape. This more
accurately describes the underlying data and should therefore enable a more accurate fit of
the geometry and the ability to determine its uncertainty. The outlined approach comes
from the field of uncertainty quantification and is an improvement over other Bayesian
methods that assume homoscedasticity [1], assume the distance to the geometry to follow
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a Gaussian distribution [1,2], or assume a distribution of the geometry parameters [3].
Additionally, the method requires no uniform sampling or full coverage of the geometry.

The distance between the points and the shape to be reconstructed is replaced with the
expected distance between the distributions and the shape. The distance metric does not
need to be the Euclidean distance and is instead substituted by the Mahalanobis distance
to incorporate anisotropic uncertainty, i.e., [4]. To the best knowledge of the authors, the
application of the Mahalanobis distance for geometry fitting is rare. Our approach deviates
from an existing study in the approach to reduce bias and by evaluating the entire geometry
for every distribution rather than the Mahalanobis nearest point [5]. Finally, the objective
function for the shape-fitting problem is the average of the expected distances over the
fuzzy point cloud.

Geometry reconstruction of laser-scanned objects has been applied in both the built
and natural environment in a large body of research [6-9]. As such, we demonstrate the
method in detail by fitting a cylinder to simulated LiDAR data. The choice for this shape is
motivated by its commonality in both the natural and built environment, for instance, to
approximate part of a tree or a pipe [10,11].

We start this paper by describing the fuzzy data in Section 2, followed by our geometry
fitting approach in Section 3. The aforementioned approach is illustrated on cylinder fitting
with laser scanning data in Section 4, followed by a discussion in Section 5, and finally, the
conclusion in Section 6.

2. Fuzzy Data
2.1. Fuzzy Point Clouds

The data consist of a fuzzy point cloud FC which is a generalization of a point cloud:
Instead of having a finite set of points X in R™ (typically R?), we have a finite set of
n distributions N; defined over R", i.e. FC = {N;|i = 1,2,...,n}. Notice that each
distribution can be different in shape and variance. Some can be finitely supported and
others have infinite support, but the support is m-dimensional. To model laser scanning
in the real world, the distributions consist of trivariate normal distributions given by
N; = Ni(fi;,%;), where fi; = [x;,y;,z] € X C R3 is the ith measured point and ¥; its
covariance matrix, modeling the uncertainty of the measured location. Thus, the advantage
and difference in using fuzzy point clouds as opposed to point clouds is that we can
rigorously consider the uncertainty of each point, which locally can vary significantly
depending on the geometrical shape. An example fuzzy point cloud is shown in Figure 1
for a cylinder section measured by two laser scanners.

Cylinder
® Point cloud, scanner 1 (R =100 m)
—Laser beams, scanner 1
Fuzzy cloud (2 #), scanner 1
@ Point cloud, scanner 2 (R = 50 m)
——Laser beams, scanner 2
Fuzzy cloud (2 o), scanner 2

g

¢

Figure 1. Example fuzzy point cloud generated for a cylinder slice scanned by two laser scanners at a
range of 50 m and 100 m, respectively, 90 degrees apart.
2.2. Determination of Fuzziness

One important and immediate question regarding fuzzy point clouds is the ability
to define the distributions for a given problem. For example, if the data come from laser
scanners, then the uncertainty of the measurement not only depends on the instrument’s
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specifications but also on the distance (range) to the object. When the range of the object
is much greater than its dimensions, it may be assumed independent of the object’s exact
geometry and considered a constant. More importantly, however, is the incidence angle
between the laser beam and the measured object’s surface, which is often not known, at
least not accurately. We can perhaps estimate quite accurately the minimum uncertainty
for each point, e.g., in the case of laser scanning by assuming zero incidence angle, or if the
object being measured is large enough so that small changes in the laser beam locations
lead only to insignificant changes in the incidence angle so that the angle can be estimated
well. Otherwise, we could have a situation in which uncertainty is very sensitive to the
shape whose determination is the objective of the fitting problem. This circular relationship
is discussed in more detail in the next section.

3. Geometry Fitting

This section describes the approach used to fit the optimal geometry to a fuzzy point
cloud. It is written in a general way, such that it is independent of the geometric shape
being fitted and is not specific to laser scanning data.

3.1. Objective Function

There are many possibilities for formulating meaningful objective functions for our
shape-fitting problem. First, the basic idea is to minimize some distance between the data
and the shape by varying the shape parameters. We have multiple choices for the distance
d: R"™ x R™ — R, such as the often used Euclidean distance, but also others, such as the
Mahalanobis distance.

Because our data consist of continuous distributions and not discrete points, we need
to define how the distance is defined between a distribution and a shape. With points,
this is simply the minimum distance from the point to the shape. With distributions, we
can similarly define the minimum distance from any point within the distribution to the
shape and then integrate these distances over the support of the distribution to produce a
single distance. A natural choice is the expected distance, where this point-wise minimum
distance is weighted by the distribution’s probability density value.

Let g denote the set of geometry parameters describing the shape G C R™, where a
point lying on its surface is denoted by p € G. The minimum distance from a point £ € R™
to the shape G is then denoted by dg(£) = minpeg d(p | £). Then, the expected distance
from a distribution N with probability density f(£) to the shape G is given by

Bl = [ FOda(3)as )

A natural alternative to the expected distance E[d¢ (N;)] with distributions AV; would
be the maximum likelihood

L(G|N;) = maxAj(p). @
peG

The fit is then quantified by how likely each geometry is for a given distribution.
The objective function would be the mean of the likelihoods over the data. However, we
use the expected distance instead of the maximum likelihood despite it perhaps being
computationally easier to determine, because the objective function based on the likelihood
suffers the major problem that the likelihood values can easily become negligible, and thus,
their contribution to the objective function and indeed its gradient become negligible. This
would result in said distribution being ignored by the optimizer, hence our choice to use
the expected distance. Similarly, the log-likelihood suffers from extreme gradients for low
likelihood values.
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The objective function O(shape | data) = O(G | FC) is the mean of the expected
distances over the fuzzy point cloud FC. The optimal geometry is thus the one that
minimizes the following sum:

1 n
argmGinO(G | FC) = argrrgnﬁ 1; Eldg(N7)]. (3)

For non-trivial problems, this minimization problem is highly complex and thus solved
iteratively, starting from an initial geometry estimate Gy, from which the final geometry
estimate G follows. To make the objective function values comparable irrespective of the
number of points or uncertainty magnitude, the objective function is divided by the value
given by the initial estimate. The geometry fitting problem can now be formulated as the
minimization problem

: B . Lisq E[dg(N)]
argnme(G | FC) = arg min T Eldo, (V)] 4)

3.2. Mahalanobis Distance

We alluded already that one possible and often used distance metric for shape fitting is
the Euclidean distance; however, it has some potential problems: First, it is scale-dependent.
More natural would be to have the distance metric depend on the magnitude of the
uncertainty, i.e., how far a point is from the shape in terms of standard deviations of the
distributions, instead of it depending on arbitrary units such as meters or inches. Second,
the Euclidean distance is symmetric or isotropic, meaning it treats every direction equally.
We can, however, generally not assume the uncertainty to be isotropic due to anisotropy
in measurements, and thus, it makes sense for the distance function to also include this
possible anisotropy. A more suitable distance function is the Mahalanobis distance. Given
two points £, j € R, the Mahalanobis distance M; for the distribution N is defined as

M;(%,9) = \/ (£~ 9)TP(5 — 9), (5)
where P; is the m x m precision matrix (i.e., the inverse of the positive-definite covariance
matrix ¥;) of distribution A;.

The Mahalanobis distance is unitless, scale-invariant, and considers the directional
dependence (anisotropy) of the distribution’s covariance structure. We note that the defini-
tion is a unitless equivalent of the Euclidean distance when the distribution’s covariance
matrix equals the identity matrix.

3.3. Uncertainty Independent of Geometry

The expected values fI; € X are the measured point locations, and thus our input
data for shape fitting; however, the issue is raised that the covariance of the distributions
depends not only on the given point locations but also on the unknown geometry, i.e.,
Y; = f(j1i, G). Contrary to the Euclidean distance, the Mahalanobis distance depends on
the covariance, so we have a cyclical problem G = h(X, G), where the function /1 denotes
the minimization of the objective function.

An intuitive way to break this cycle is to make the distributions depend on a previous
estimate of the geometry, especially as a minimization of the objective function is an
iterative process. However, making the distributions dependent on previous iterations
leads to several issues in minimizing the objective function that are outside of the scope of
this paper. Instead, we first provide an initial estimate of the geometry using the discrete
point cloud, i.e., through least squares, which we use to create the fuzzy point cloud used
for fitting. As the distributions may be sensitive to the initial geometry estimate, the
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optimized geometry is used iteratively to update the fuzzy point cloud until the geometry
has converged. A general flowchart of the full approach for fuzzy geometry fitting is
presented in Figure 2.

Geometry Fitting

Iterative Fuzzy Cloud

Point cloud ¢ Init ;
. ) Fuzzy cloud Geometi
. | Geometry | Point cloud i L Y
Discrete fitting > distributions J » Fuzzy fitting
N
Geometry;j + 1

Figure 2. General fuzzy geometry fitting flowchart. Index i denotes fuzzy point cloud iteration.

4. Cylinder Fitting with Laser Scanning Data as an Example

To illustrate the described approach, it is applied to the case of cylinder fitting to laser
scanning point cloud data. The circular cross-sectional shape results in a strongly variable
incidence angle and thus varying local uncertainty between the points. We further note
that most geometry in the built and natural environment can be approximated to be locally
of constant cross-section making this an acceptable simplification.

The cylinder is parameterized by its radius 7, its azimuth and elevation angles, and
its center ¢y. We note that for a given azimuth and elevation angle (i.e., cylinder axis), the
cylinder center may be projected onto the cross-sectional reference plane Q L 7 s.t. its
dimensionality is now two, i.e., ¢o = pron(éo) € R2. For the intent of this paper, the
cylinder’s length [ is ignored. The approach to reduce the problem’s dimensionality is
applicable to any shape of constant cross-section and is given in the Appendix A.

4.1. Data

Using the Gaussian approximation for the power within a laser beam, the standard
deviation in the radial direction 0,,4;,; given by Equation (6) is a quarter of the beam
diameter dp, as it is commonly defined as covering four standard deviations [8]. It has an
initial exit diameter dy and increases according to the beam divergence half-angle A. As the
range R between the measured point fi and scanner 3 can safely be assumed to be much
greater than its Rayleigh length, the increase in diameter is approximately linear.

. d do + 2R tan(A
Uradial(y ‘ S) = ZB = Of() =
do

1.
Z_'—EHV_SHtan()L)

(6)

The standard deviation in the propagation direction 0y, can be seen as a ‘smearing
out” of the radial uncertainty due to the incidence angle a between the beam and the
surface. It follows from the dot product between the vectors from fi to its projection onto
the cylinder axis p and the scanner location §, respectively.

—

a(fi | §,¢,7) = arccos(

(= pi— 3]
T A~ Al 7
I @

Additionally, the propagation uncertainty 0}y, includes oy as the base-level range
uncertainty of the device:

P

‘Tpmp(ﬁ | 8,6,7) = 00 + Cragiar (1 | §) tan(a). (8)

This ensures that 0y, > 0, and thus that the Mahalanobis distance is finite.
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Simulated data are used to evaluate the method. Two hundred random point clouds
are sampled from an initial fuzzy point cloud created using the true geometry, which
enables us to determine average and standard deviations for the geometry parameters. As
an example, a section of a cylinder’s fuzzy point cloud from which these point clouds may
be sampled is shown in Figure 1.

4.2. Objective

As already mentioned in Section 3.2, the (squared) Mahalanobis distance equals the
unitless (squared) Euclidean distance when the distribution’s covariance matrix equals
the identity matrix. For this reason, as well as the simplification of future calculations, the
Gaussian distribution N is transformed by T to a standard normal S,i.e., T : N — S. The
Mahalanobis distance between point £ and the cylinder’s two-dimensional representation
C is then equal to the Euclidean distance D in the transformed problem, i.e., M(%,p €
C) = D(T(%),T(p) € T(C)) = D(4,é € E). The Euclidean distance from any point 4 to
the resulting ellipse follows from the method described in [12], where the nearest point on
the ellipse may be found using Ferrari’s method [13]. This method, however, prohibits an
analytical expression for the expected distance, and additionally, it is inherently biased as
will be discussed in Section 5.

The circle C is therefore instead approximated by its envelope of tangent lines L with
their point ¢ € C. After translating and scaling the axes such that the distribution is a
standard normal, the distance T between /i and the line is calculated and the expected
squared Mahalanobis distance of this line follows from Equation (9), where we note that
the subscripts denote the relevant dimension. The approach is illustrated in Figure 3, where
without loss of generality axes x,y are aligned with the projected Gaussian’s axes with
standard deviation oy and 0, respectively. Said axes become a, b after transformation to
the standard normal.

= |ex(cx — pix) +Cy(cy - Vy)|

\/ O3 + o] )

E[M*(L | p,2)] =12+ 1.

\ A

@) (b)

Figure 3. [llustration of the procedure to determine the expected Mahalanobis distance between a
Gaussian distribution (red) and a tangent line (purple) placed on the circle (blue) before (a) and after
transformation to the standard normal (b). The Gaussian distribution N is defined by the expected
value fI and the standard deviations oy and ¢y, in the x- and y-directions, respectively.
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For the full envelope of ¢ tangent lines, the expected squared Mahalanobis distance of
each line is weighted by the distance of the point ¢ to the distribution. The contribution of
each tangent line to the objective function is illustrated in Figure 4. For clarity, the tangent
lines are drawn as finite lines, and only 25 are shown versus the 1000 that were used in the
actual computations. Care is taken that the Mahalanobis distance in the denominator is
taken to a greater power than the expected Mahalanobis distance E[M], such that far-away
tangent lines are weighed less even when E[M(L; | 1, X)] = M(¢&; | i1, 2).

1 & EMA(L; | p,2)]
EIME(C | a,5) = 2y EMILi [ 7,2)] (10)
MACTAEN = L =ppe [ 7, x)
e 1M
" EMAM®
9
10 » ,//,ﬂ\\ 8 A = i 10
7 h
8 i \\ / ‘:r/ i;’ 8
‘ ) 6 | ""',
6 ‘\ 5 \\ 6
\ x_\:}/r . ' 4 ‘3\_\ /
4 e 3 | !
2
, 2
1
0 0 ’
@ ®) “

Figure 4. Illustration of the contributions of tangent lines in the envelope to (a) the expected
Mahalanobis distance; (b) the inverse cubed Mahalanobis distance; and (c) the weighted expected
Mahalanobis distance to the Gaussian distribution shown in blue (1¢). Note that the tangent lines are
in reality infinite and all variables are dimensionless.

4.3. Comparison with Least Squares

Geometry is often reconstructed from point cloud data using Euclidean distance least
squares, i.e., for cylinder reconstruction [10,14]. Euclidean least squares (ELS) are assessed
both with the full point cloud and using RANSAC, in which case it is abbreviated as
RELS [15]. As the least squares fitting of a cylinder is a non-linear problem, an iterative
Gauss-Newton approach is used to find the optimum. Similarly, an iterative interior-point
algorithm is used to minimize the objective function using the envelope approach with
the expected Mahalanobis (EM) distance described in this article. It is dependent on the
initial geometry estimate, which came from ELS in which case the method is abbreviated as
EM. If RANSAC was also used for the initial geometry estimate, the method is abbreviated
to REM.

The approaches are compared for a cylinder with a radius and length of 5 and 25 cm,
respectively, with the cylinder axis parallel to the z-axis. Scanner specifications correspond
to the Faro Focus Plus series [16], however, at half the resolution (i.e., a quarter of the
number of points). The scanner is located 50 and /or 100 m away from the cylinder. When
two scanners are simulated, they are 90 degrees apart as seen from the cylinder.

The relative geometry fitting error (v) and uncertainty (¢) are shown in Table 1. To
increase the interpretability of the results, the values are divided by the true radius for the
center and radius. As the vector is of unit length, no normalization is used there. For the
purposes of this article, the location of the center along the cylinder axis (z-axis) and length
are not relevant. Additionally, the error in the vector is fully described by the error of its x
and y components. The dependent pairwise Student’s t-test is used to determine whether
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or not the difference between the methods is statistically significant and the resulting

probability values p are given in Table 2.

Table 1. Relative cylinder fitting error v and uncertainty o. The cylinder (solid blue dot) is located at

the origin.
Center, Center, Vector, Vector, Radius
v(%) (%) v(%) (%) v(%) (%) v(%) (%) v(%) (%)
Scanner at (0, 50, 0)
ELS 1.41 5.82 24.2 17.2 —0.82 4.19 0.64 5.16 6.58 9.80
50m RELS 1.82 7.10 18.1 17.6 —1.06 4.24 0.90 2.89 7.07 12.7
EM —-0.92 12.8 9.90 27.4 —0.49 6.79 0.53 6.55 —1.07 16.2
REM —1.08 11.4 8.32 26.1 —0.19 6.59 0.55 5.27 —0.35 16.0
Scanner at (0, 100, 0)
i ELS 12.6 57.1 52.0 101 —-8.12 20.5 6.85 15.6 32.8 90.6
100m RELS 11.4 55.7 59.8 107 —6.47 21.2 6.53 16.1 27.6 93.6
EM 3.87 47.3 41.6 120 —1.76 20.0 1.99 15.6 14.5 103
° REM 1.15 51.3 49.7 133 —4.17 21.6 2.18 16.2 18.9 114
Scanners at (0, 100, 0) and (50, 0, 0)
i ELS 9.70 12.0 9.36 6.82 —0.89 2.54 0.89 3.69 11.4 6.55
100m RELS 7.25 12.3 7.88 7.50 —0.64 2.22 1.47 4.10 9.80 8.53
EM 1.40 14.2 4.05 11.0 0.06 3.58 —0.19 6.99 4.28 10.2
&0 REM 2.05 16.4 4.36 11.2 0.05 4.35 0.20 6.16 3.80 11.3

Table 2. Probability values p according to the dependent pairwise Student’s t-test. The number of

digits is such that p < 0.005, i.e., ten times lower than our limit for statistical significance, is shown

as 0.00.
Center, Center, Vector, Vector, Radius

Scanner at (0, 50, 0)
p (ELS vs. EM) 0.01 0.00 0.41 0.76 0.00
p (RELS vs. REM) 0.00 0.00 0.04 0.34 0.00
Scanner at (0, 100, 0)
p (ELS vs. EM) 0.01 0.31 0.00 0.00 0.00
p (RELS vs. REM) 0.01 0.22 0.26 0.00 0.03
Scanners at (0, 100, 0) and (50, 0, 0)
p (ELS vs. EM) 0.00 0.00 0.00 0.01 0.00
p (RELS vs. REM) 0.00 0.00 0.02 0.00 0.00

The computational times of the 200 iterations are given in Table 3 and are meant

only to give an idea of the relative computational time between the different methods.

The time for the approach outlined in this article EM excludes the time needed for the

initial geometry fit. Computations were performed with MATLAB R2023b in parallel on a

workstation with a 2.70 GHz 6-core processor. There is no meaningful difference in memory

usage between the different methods. RANSAC was limited to a maximum of a 100 point

cloud subsets to evaluate. Meanwhile, the expected Mahalanobis distance approach used
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1000 tangent lines and a maximum of 10 point cloud distribution updates. The number of
tangent lines has relatively little effect on the computational time; however, the time scales
linearly with the number of distribution updates.

Table 3. Computational time in seconds for the three scanning situations and tested methods.

ELS RELS EM
Scanner at (0, 50, 0) 10.65 s 909.8 s 1993 s
Scanner at (0, 100, 0) 11.45s 9539 s 576.0 s
Scanners at (0, 100, 0) and (50,0,0) 10.50 s 527.2s 2783 s

5. Discussion

In this paper, we proposed a method to reconstruct geometry by transforming a point
cloud into a fuzzy point cloud consisting of distributions of known form. We, however,
note that in reality the distributions cannot be known exactly. For the laser scanning
example, several factors such as vibration and wind will affect the uncertainty of each
point but are unknown. Furthermore, as the scanners are made by commercial companies
the hit-registration algorithm is not public, and thus, its uncertainty is similarly unknown.
Additionally, while the effect of the incidence angle is taken into account, the cylinder
example assumes a fully smooth surface. The roughness that exists in reality may be
modeled statistically, for instance, as a Gaussian where the standard deviation and auto-
correlation govern the height and planar distribution, respectively [17].

We note that the fuzzy geometry fitting approach such as described in this paper has
an implicit dependence of the uncertainty on the geometry and is therefore an advancement
over other methods found in literature [1-3,5]. It however has the inherent disadvantage
that it requires a robust initial geometry estimate. If the initial estimate is highly erroneous
the initial fuzzy point cloud estimate is likely to be erroneous as well and convergence of
the iterative uncertainty updating procedure described in Section 3.3 is not guaranteed.

An aspect that is not considered in this paper is that a lack of points does not necessarily
mean a lack of geometry but may instead be due to occlusion. The absence of evidence is
thus not evidence of absence if the laser beam’s trajectory is obstructed. This can happen
either due to the geometry itself (i.e., the back half of a cylinder) or due to other objects. We
are unable to distinguish between areas devoid of points due to a lack of geometry and
areas where points might have been were the area not obscured. The effect of occlusion
on complex geometrical objects such as trees is significant and incorporating this into any
analysis may greatly improve the results [18].

In this paper, the expected Mahalanobis distance E[M] is chosen over the expected
Euclidean distance E[D]. Section 3.2 mentioned the general benefits that it is unitless,
scale-invariant, and anisotropic. The scale dependence of E[D] induces bias that is easiest
to explain when the distributions lie on the geometry. Generally speaking, E[D] « |Z[;
thus, the objective function would be biased to points with greater uncertainty, i.e., greater
covariance. Similarly, bias due to isotropy is easiest to explain with the case of a line L
where /i € L. E[D] is then minimal when the fitted line Lg; is parallel to the principal axis
PC; of the covariance matrix. This bias decreases with the number of points when the
coincidence of the points to the fitted line and the parallelity of the principal axes PCsx. || Lg;
are mutually exclusive.

Bias is introduced for curved geometry, as the distance to a convex shape is always
smaller from the inside than outside. In other words, this means that for a circle C with
radius r as an example with fi € C, Pout > Pin leading to rg; > r if the expected distance is
taken to the curved shape directly. This further motivates our choice for approximating
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the shape by an envelope of tangent lines. An alternative approach is given in [5] which
includes a term in the objective function that compensates for this bias. Such an approach
was tested by the authors; however, it requires an accurate estimate of the geometry and
was found to reduce robustness.

The interior-point algorithm used to minimize the expected Mahalanobis distance
cylinder fitting objective requires a locally convex space to determine the update step, i.e.,
a positive-definite Hessian, which is not generally the case for our optimization problem.
Instead, a positive-definite approximation of the Hessian is then used, meaning that the
optimization problem the optimizer solves can deviate from the one specified. As such
then, the optimizer sometimes finds a solution that may not be locally convex per the real
Hessian. An alternative approach that does not approximate the Hessian may thus yield
different results.

The approach described in this article provides an alternative to the least squares
approach commonly used, and the average absolute error is lower for the geometry pa-
rameters of each of the three scanning situations. It is, however, important to note that the
relative uncertainty in these results is often higher, and therefore, the performance differ-
ence is not uniformly statistically significant (p < 0.05). Additionally, the computational
time of least squares without RANSAC was significantly smaller. It is important to note
that for our approach the computational time scales roughly linearly with the number
of points and the number of point cloud distribution updates. The requirement for such
updates may, however, be relaxed when the number of points is higher or the noise level is
lower, for instance, for the scanning case at 50 m. For simplicity, this was not taken into
account in this study.

RANSAC in combination with least squares was implemented as a simpler approach
to deal with noisy point cloud data; however, it does not consistently outperform least
squares over the full point cloud and does not provide a benefit as an initial geometry
fitting approach.

We further note that the cylinder vector has to be determined accurately for the cross-
sectional circle fitting approaches of both least squares and our approach to be evaluated.
As expected, the highest vector fitting error was found at 100 m due to the reduced quality
and quantity of data, with the highest absolute error for least squares of 8.1% and for our
approach of 4.2%, which is deemed acceptable by the authors.

The radius of cylinders scanned by laser data is commonly overestimated [14,19,20],
likely because the aforementioned curvature-induced bias means points are on average
located outside the surface. Least squares consistently overestimate the radius, and to a
greater extent when the level of noise is greater (6.6% to 32.8%). The outlined approach is
able to overcome this bias to a large extent with a statistically significant difference in error
from —1.1% to 18.9%.

The case of two scanners at different ranges and different orientations was chosen in
particular to test the proposed method. Ideally, combining a high- and low-quality data set
would lead to a better result even if the average data quality deteriorates. The performance
of the proposed method is, however, not uniformly better compared with using exclusively
the higher quality data. The difference with respect to least squares (with and without
RANSAC) is, however, statistically significant for all variables. It is further interesting
to note that for least squares the error is roughly equal in the direction towards either
scanner, while with our method it is clearly lower in the direction towards the closer (more
certain) scanner.

Finally, it is of interest to see how the approach performs for other geometric shapes,
and more work is needed to evaluate the approach more generally, such as for shapes of
non-constant cross-sections or with asymmetrical curvature.
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6. Conclusions

We presented a fuzzy point cloud data concept, which is a cloud of distributions
instead of points, and a conceptual approach to using fuzzy point clouds in geometric
shape fitting. The objective function consists of the average expected distance from the data
points to the shape using the Mahalanobis distance instead of the Euclidean distance. Fuzzy
point clouds model the uncertainty in the measurements and incorporate the possibility
that the uncertainty can vary significantly in size and shape from point to point. This is the
situation in laser scanning measurements in a complex environment such as forests. We
demonstrated the approach with cylinder fitting to simulated laser scanner data, and the
results show that the approach has a consistently lower average error than least squares
fitting, with and without RANSAC.
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Appendix A

Due to the constant cross-sectional shape, the problem can be simplified by projecting
the three-dimensional (3D) Gaussians onto the cross-sectional plane, where the z-axis is
parallel to the cylinder axis, Q L ¥ = Z, resulting in a two-dimensional (2D) Gaussian.

The exponential term of the probability density function for an arbitrary Gaussian
N(fi,X) can be rewritten to an ellipsoidal parametrization such that it can be directly ex-
pressed as a function of the Cartesian coordinate system, in this case, x, y, z. The ellipsoidal
representation is shown in Equations (A1)-(A3) using the precision matrix P = £~ !. The
indices denote those dimensions” entry; thus, Py, Pyy, Pzz, Pyy, Pxz, and Py, are elements of
the precision matrix P.

(A1)
_ Ke—%(Pxxxz-&-PWyz-l-PzzzZ)+Ax+By+Cz—nyxy—szxz—Pyzyz-i-D
- 1
NCLEDAR
The constants A, B, C, and D are given by Equations (A2) and (A3):

A
B| = Pji (A2)
C
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1 . . . o o A
D= —E(Pxﬁ& + Pyyll; + Pafi2) — (Payfafly + Pazfixflz + Pyzflyflz) (A3)

The marginal distribution f(x,y) on the plane is the integral of the probability density
with respect to z, which due to the ellipsoidal parametrization can be derived easily as
shown in Equation (A4). The expected value and precision matrix of the projected 2D
Gaussian are denoted by yg and Q, respectively.

flx,y) = /Rf(ﬁ)dz = K\/?ei(fﬁQ)TQ(ﬁpQ) (Ad)
zzZ

The dimensionality reduction is also evident by the parametrization of a 2D ellipse in
the exponential with constants a through w.

(- 0) QR fig)
;(?Z‘Zj — Pey)x?
* i(llzfi — Py)y* + (P);j:yz = Pry)xy (83)
+(AC1;’Z‘§)x+(BCI;Z)y+2(1:; +D
= ax® + By? + yxy + ox + ey + w

2
From this, it follows that the precision matrix equals Q = — [/y“ 2;] .

Its inverse is the 2D covariance matrix

A1 1 26— _ |26 —7

Its two eigenvectors v » form the projected Gaussian axes, and its eigenvalues A; , are
the variances along said axes given by (A7) and (A8), respectively.

U0 = ! [ g ] (A7)
TR @B i) [PV 2

07y = Aia = Ylat pt (/o2 + B2+ 92 —20p) (A8)
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Abstract: Due to recent advances in 3D reconstruction from RGB images, it is now possible to create
photorealistic representations of real-world scenes that only require minutes to be reconstructed and can
be rendered in real time. In particular, 3D Gaussian splatting shows promising results, outperforming
preceding reconstruction methods while simultaneously reducing the overall computational requirements.
The main success of 3D Gaussian splatting relies on the efficient use of a differentiable rasterizer to render
the Gaussian scene representation. One major drawback of this method is its underlying pinhole camera
model. In this paper, we propose an extension of the existing method that removes this constraint and
enables scene reconstructions using arbitrary camera optics such as highly distorting fisheye lenses. Our
method achieves this by applying a differentiable warping function to the Gaussian scene representation.
Additionally, we reduce overfitting in outdoor scenes by utilizing a learnable skybox, reducing the presence
of floating artifacts within the reconstructed scene. Based on synthetic and real-world image datasets, we
show that our method is capable of creating an accurate scene reconstruction from highly distorted images
and rendering photorealistic images from such reconstructions.

Keywords: 3D reconstruction; novel view synthesis; 3D Gaussian Splatting; camera models

1. Introduction

Based on the foundational work in the field of 3D reconstruction, in recent years, the
topic of Novel View Synthesis (NVS) has gained momentum due to the rapid progress of
learning-based methods [1]. Using a differentiable scene representation in combination with
a differentiable rendering pipeline, these methods have achieved state-of-the-art results in
recreating photorealistic scenes from images [2]. As the underlying models were trained
to encode view-dependent effects, the models outperform renderings from classical 3D
reconstruction models with respect to visual fidelity, enabling the recreation of complex
lighting scenarios. Since then, more recent contributions have mitigated one of the most sig-
nificant downsides of learning-based NVS methods: their training and rendering times [3 4].
One method in particular, 3D Gaussian Splatting (3DGS), established a significant improve-
ment over the current state of the art by introducing an efficient scene representation and
rendering pipeline [5]. 3DGS enables real-time rendering and training scenes in several
minutes while achieving a very high degree of detail. Its efficiency and visual quality have
led to its adoption in VR, game engines, and Web frameworks [6-8]. One main reason for
the success of 3DGS, its differentiable Gaussian rasterizer, comes with a significant limitation:
its underlying pinhole camera model. This simplification works well as an approximation for
many real-world cameras, requiring an additional preprocessing step to undistort the images.
However, this undistortion is not well suited for all types of lenses, such as fisheye lenses.
Due to their wide Field of View (FoV), they have a high information density and are able to
capture scenes with only a few frames. Due to these reasons, they have gained popularity
in smartphones and action cameras. The same reasons make fisheye images an interesting
candidate for NVS tasks, with a high level of overlap in the images providing depth information
for scene reconstruction. Although this does not pose an issue for ray tracing-based methods [2],
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the underlying 3D Gaussian raster prevents the use of fisheye images with 3DGS. Undistorting
these images as pinhole images is possible in principle but usually results in cropping into the
images and discarding significant information from the peripheral view, potentially significantly
reducing the accuracy of the scene reconstruction. This necessitates the introduction of novel
methods that combine the efficiency of 3DGS with the flexibility of using different camera
models. Concurrently with our work, an extension of the Gaussian rasterizer for equidistant
and panoramic fisheye images, termed Fisheye-GS, has been published [9].

With this contribution, we propose to solve the problem of training a 3DGS model with
an arbitrary camera model. We achieve this by using a space-warping module to enable the
unmodified pinhole rasterizer to render views for arbitrary optics, including fisheye optics
with polynomial distortion, as commonly used to represent real-world cameras [10]. Our
proposed space-warping module shifts the scene’s Gaussians according to a predefined
distortion function, emulating an arbitrary camera lens. The scale and rotation of the Gaus-
sians are determined as tangential approximations of the actual distortion by leveraging
the Jacobian of the distortion function with a subsequent orthogonalization. This approach
allows for seamless integration into the existing 3DGS pipeline, as no modifications are
made to the rasterization module, enabling the method to work with future versions of the
rasterizer. In addition, to reduce floating artifacts in outdoor scenes, we enforce a learnable
skybox that is directly integrated into the underlying model of the scene.

This paper is structured as follows. Section 2 reviews the recent literature on NVS
methods and their applicability to models without pinhole cameras. Section 3 derives the
space-warping module for the Gaussian rasterizer, as well as two explicit distortion func-
tions for the common OpenCV and Blender polynomial fisheye camera models. Section 4
presents the results of extensive experiments on synthetic and real-world datasets, com-
pares our method with other methods, and demonstrates the reasonableness of our design
decisions through several ablations, which are subsequently discussed in Section 5, fol-
lowed by a brief conclusion in Section 6.

2. Related Work

In this section, we review the related literature that impacts our research, from tradi-
tional Structure from Motion (SfM) to modern methods such as 3DGS. We further position
our proposed method among existing methods.

2.1. SM

These methods apply feature-matching algorithms to find correspondences between
images. This leads to an initial pose estimation, enabling a dense matching of overlapping
views to find a dense depth model of the scene [11,12]. Although classical methods
cannot compete with modern learning-based methods with respect to the visual quality
of rendered images, their underlying robust pose estimation algorithms are still widely
used for the initialization of more recent methods. 3DGS, in particular, relies on the sparse
COLMAP model to initialize its Gaussian model for fast convergence [5]. Although there
are extensions of learning-based 3D reconstruction methods avoiding the use of classical
preprocessing methods for initialization [13-15], we consider this beyond the scope of our
article and utilize the robust COLMAP pose estimation for initialization of our model.

2.2. Neural Radiace Fields (NeRF)

The main contribution accelerating the development of learning-based NVS methods
was the introduction of Neural Radiace Fields (NeRF). Combining an Multilayer Perceptron
(MLP) as an implicit differentiable scene representation with a differentiable ray tracer
led to a significant step forward in the visual quality of rendered images. In particular,
the ability of the underlying MLP to capture view-dependent effects such as reflections
enabled a previously unseen level of realism. One major drawback of this method is the
inefficiency of the ray tracer and the scene representation, requiring 1-2 days per scene for
optimization [2].
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Initiated by this contribution, several subsequent papers have attempted to im-
prove upon the initial NeRF. Proposed approaches include anti-aliasing [16], appearance
changes [17], deformations [18-20], and learned backgrounds [21], the latter being con-
ceptually adopted by our proposed method to reduce floating artifacts introduced by sky
textures. Another direction of developments is related to the underlying scene representa-
tion. Several papers have successfully demonstrated that the optimization and rendering
times can be significantly reduced by choosing a more explicit scene representation, such
as octrees [4], feature grids [4], factorized feature planes [19], or hash functions [3]. These
explicit methods have achieved real-time rendering speeds and reduced optimization times
ranging from hours to minutes [3].

2.3. 3DGS

This contribution adopts a similar approach as the preceding explicit methods by repre-
senting the scene as a set of 3D Gaussians, each with a 3D position, rotation, 3D scale, opacity,
and directional radiance [5]. Three-dimensional Gaussians have been proven to be an efficient
graphical primitive with the capability of representing very fine structures. The authors who
proposed 3DGS went one step further by simultaneously replacing the previous ray-tracing
module with a more efficient differentiable Gaussian rasterizer. Its main benefit is not rendering
an image pixel by pixel using individual rays but, instead, rasterizing the whole image at one
time. The proposed rasterizer comes with the significant limitation of being restricted to pinhole
images, necessitating an undistortion preprocessing step, which prevents the use of wide-angle
fisheye images. Eliminating this limitation is the main contribution of our paper by introducing
a flexible lightweight space-warping module that enables the emulation of arbitrary camera
lenses using the unmodified pinhole rasterizer.

Concurrently with our work, an extension of the Gaussian rasterizer for equidistant
and panoramic fisheye images, termed Fisheye-GS, has been published [9]. Our approach
conceptually differs in the following aspects: While Fisheye-GS utilizes a modified Gaussian
rasterizer, we keep the original rasterizer intact and represent the camera lens using a spatial
distortion of the scene without changing. This allows users to implement new camera optics
without needing to write additional CUDA code and presents a more modular approach
so that the existing rasterizer can be more easily replaced by future versions. In contrast to
Fisheye-GS, which focuses on equidistant fisheye images, we derive distortion functions for the
common OpenCV polynomial fisheye camera model, eliminating the need for an additional
preprocessing step for real-world datasets such as ScanNet++ [22]. In Section 4.2, we provide a
qualitative and quantitative comparison between Fisheye-GS and our proposed method.

Another very recently proposed method for scene reconstructions for non-pinhole
images is 3D Gaussian ray tracing [23]. Similarly to the initial NeRF, this method relies on
a ray-tracing algorithm for rendering, circumventing the issues associated with pinhole
rasterization. As is typical for ray-tracing algorithms, this method enables various camera
models and effects, such as reflections, refraction, and depth of field. We acknowledge the
contribution of the authors; however, we consider 3D Gaussian ray tracing not to be directly
comparable to our proposed method, as our main focus lies in enabling non-pinhole optics
for the 3DGS rasterization process.

Simultaneously to our submission, a preprint proposing UniGaussian has been pub-
lished, utilizing a the compression of 3D Gaussians as a similar concept to the warping
function introduced in our contribution [24]. Although we utilize an ordered Gram-
Schmidt orthogonalization for the computation of the distorted scale and rotation of the 3D
Gaussians, UniGaussian relies on an eigendecomposition for this purpose. While acknowl-
edging the work of the authors who proposed UniGaussian, we cannot provide quantitative
comparisons with their proposed method, as their source code is not yet publicly available.

3. Methods and Data

In this section, we first introduce our approach of emulating arbitrary camera models using
a space-warping function. Subsequently, we discuss the specifics of fisheye lenses and, finally,
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describe our approach of enforcing a learned skybox to reduce floating artifacts. In addition, we
describe the synthetic and real-world datasets used in the evaluation of our method.

3.1. Space-Warping Function

In 3DGS, a scene is represented by a set of 3D Gaussians. Each Gaussian is fully
described by the following properties: position, rotation, scale, opacity, and spherical
harmonics coefficients. We denote the original pinhole rendering function as Ppinhole :
R3 — R?, mapping 3D points to pixel coordinates within the rendered image. As illustrated
in Figure 1, we emulate an arbitrary rendering function (P, : R® — R?) using a space-
warping function (W : R3 — R?) that satisfies

Parb(x) = Ppinhole(w(x)) vx € R’ 1

This enables us to keep the underlying rendering function (Ppinnole) unchanged while
obtaining the desired behavior of P,;,. Assuming that W exists, this emulation is correct
for the projection of points x € R3. However, distortion of a Gaussian also distorts its scale
and rotation, as shown in Figure 2b. As Figure 2c illustrates, we compute the Jacobian,
which provides a local linear approximation of the distortion function:

W, W oWy

oy o, o

— 2 2 2

wx) = 9% % %l @
oW; Wy A,
8x1 sz aX3

The resulting axes are, in general, not orthogonal, necessitating an additional orthogo-
nalization step. As shown in Figure 2d, for a distorted set of axes (A € R3*?), we find an
ordering permutation (77) of the axis and compute a Gram-Schmidt orthogonalization of
the ordered axes, resulting in orthogonal axes A € R3*3:

A= [u1/a2/ ﬂ3], (3)

me {a €S | l|ag)l = la,2)| = |a,(3)] } @)
al by al . b al . by

by =gy, by =gy — b, by =) — b — — b (5)

1=4Az1), D2=4dz2) —01 b] by 57 B3 T b by 2 b, by

A= [bnq(l),bnq(z), bﬂ—l(g):|r (6)

where S3 represents the symmetric group, with 7t being chosen from a constrained set
whose elements () all fulfill the ordering constraint.

—_—
Positons, Positons, Rendered Images

i Saales, | Space Warpin Scales,
3D Gaussians| . | Space Warping| e
\. \‘ Gaussian
@ i, Rasterizer .

Intrinsic Matrix,

Distortion Parameters,
Camera Position Images
and Rotation
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—, Forward Flow and Pose
Gradient Flow Y
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Figure 1. Pipeline of our proposed method. Before being forwarded to the pinhole Gaussian rasterizer,
we apply a space-warping module to the position, rotation, and scale to emulate the distortion of a
lens specified by the camera’s intrinsics.
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(a) (b) () (d)

Figure 2. Distortion of scale and rotation. The four images show the steps in the distortion pipeline
from left to right. An undistorted Gaussian (a) is non-linearly distorted (b). This distortion is linearly
approximated using Jacobian Jyy (c), with a subsequent orthogonalization of the axes (d). For (c,d),
the gray area shows the true distorted Gaussian to visualize the approximation error.

3.2. Fisheye Cameras

Fisheye cameras usually distort the image in relation to the polar angle. For this
reason, it is practical to express the warping function (V) in terms of a warping function
(Wspn) that operates in spherical coordinates. For this purpose, we define the following

two transformations:
7Eart~>sph y = [arccos (z/ \/m) , ?)
z

1 arctan (y/x)
7] [7sin 6 cos ¢
Tsph—scart | |0 = |rsinfsing |. (8)
@ | rcos@

This enables us to write the warping function as

W(X) = <7;ph%cart oDo ﬁart%sph) (X) (9)

To approximate D for a given scene’s camera, we sample a set of corresponding 3D-2D
points (X, x;) and compute their corresponding polar angles as

(,Eart%sph (Xi)GI ﬁart%sph (Pl;irllhole (xi ) )9 ) : (10)

As the distortion only depends on the polar angle, we sample these points at equidis-
tant polar angles (6 € [0, 77]) for ¢ = 0 and r = 1. Using pairs of polar angles, we fit the
coefficients of an 8th-degree polynomial. These coefficients need to be recomputed for any
change in the camera model or its specific intrinsic parameters. In our pipeline, this is
performed automatically at the start of each optimization run.

With W fully defined by the coordinate transformations and the polynomial polar
angle distortion function, we compute their combined Jacobian using the SymPy com-
puter algebra system [25]. The resulting Jacobian is provided in detail in Appendix A.
Furthermore, in Appendix B, we demonstrate the application of our proposed method for
non-fisheye lenses with an exemplary implementation of an orthographic camera model.

3.3. Skybox

In classical SfM, depth can only be computed for points that contain enough features
to be matched between different views [11]. For this reason, reconstruction methods tend
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to struggle with areas with minimal texture, such as uniformly colored walls or skies. This
issue can be mitigated by regularizing the depth through the use of pre-learned monocular
depth [26] or other prior knowledge about the scene. In our case, reconstructing the sky in
open scenes seemed to be most problematic, resulting in inconsistent depth with floating
sky artifacts, which reduced the overall rendering quality. We chose to mitigate this issue,
similarly to Nerf++ [21], by enforcing a learned skybox at a long distance. We implemented
this by placing 1000 isotropic Gaussians on a Fibonacci sphere at a distance twice as far
as the furthest point within the sparse initialization point cloud. During optimization, the
movement of these Gaussians is restricted to the surface of the initial sphere. In addition,
they are prevented from pruning and from having their opacity reset, ensuring a consistent
background being learned during optimization. Compared to other methods [21], instead of
creating a separate model for the background, we fully integrate the background Gaussians
into a single model, enabling a seamless rendering process.

3.4. Datasets

We decided to evaluate our proposed method on two different datasets—one synthetic
and one real-world dataset. The synthetic dataset (Blender) eliminates most sources
of errors and allows us to focus solely on the performance of the model under perfect
conditions, while the real-world dataset (ScanNet++) enables comparisons with existing
methods and provides convincing indications about the applicability of the method.

3.4.1. Synthetic Blender Dataset
We chose 6 publicly available blender scenes containing 3 indoor and 3 outdoor
scenes [27]:
e Archiviz;
*  Barbershop;
e (Classroom;

e  Monk;
e  Pabellon;
e  Sky.

For each scene, we rendered 100 photorealistic, ray-traced frames along a predefined
trajectory with a resolution of 1024 x 1024 px. Each 8th image was taken as a test image;
all other images were part of the training set. We chose a simulated fisheye camera with
an FoV of 180° and a sensor size of 32mm. Blender’s camera model is configured by
specifying five coefficients, which were chosen with the following values [28]:

(1.0-107°,-8.7-1072,-3.5-107%,35-107%, —2.6 - 10°%).

In Blender’s camera model, these coefficients model a polynomial mapping radial
distances on the camera sensor to camera rays. The values for the coefficients were cho-
sen as a large negative linear component to achieve fisheye distortion with a large FoV.
Furthermore, we chose small coefficients for higher orders to avoid artifacts caused by a
non-injective distortion function while avoiding zero-valued coefficients to preserve the
projection’s complexity. For each scene, we computed our own polynomial representation
of the distortion function according to the samples presented in Equation (10).

3.4.2. ScanNet++ Dataset

This dataset is provided by the Technical University of Munich and consists of several
indoor scenes with images, camera poses, and point clouds [22]. For comparability with
Fisheye-GS, we chose the following 6 scenes:

e  Bedroom (e8ea9b4da8);

e  Kitchen (bb87c¢292ad);

e Office Day (4ba22fa7e4; the corresponding scene from the Fisheye-GS paper is cur-
rently not available, so we chose a similar scene);
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e Office Night (8d563fc2cc);
e Tool Room (d415cc449b);
e  Utility Room (0a5c013435).

Each scene consists of a varying number of fisheye images (147-406) with a resolution
of 1752 x 1168 px. Again, each 8th image was taken as a test image; all other images were
part of the training set. For each scene, the authors provide the COLMAP poses, intrinsics,
and a sparse point cloud. For the Blender dataset, we converted each scene’s intrinsic
parameters to our custom distortion function using the samples described in Equation (10).

4. Results

This section contains the results of our proposed method for synthetic and real-world
datasets, as well as comparisons with Fisheye-GS. We further show several ablations to
validate the design choices of our method. The experiments were carried out on a system
with an AMD EPYC 72F3, 256 GB of memory, and an NIVIA A100 GPU. However, the
overall system requirements are lower, identical to 3DGS.

4.1. Synthetic Blender

As a first experiment, we ran our method on the six synthetic blender scenes for
30,000 iterations. The per-scene results, reporting the number of Gaussians, Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM) [29], and Learned
Perceptual Image Patch Similarity (LPIPS) [30], are shown in Table 1. As indicated by the
metrics and the qualitative samples in Figures 3-5, the rendered images achieve photo-
realistic quality with only minor artifacts. As seen in the rendered Barbershop image, the
method struggles with reflections in the mirror. This is expected because the spherical
harmonics do not provide sufficient capacity for encoding the full reflected room within
the Gaussians of the mirror. A detailed illustration of this problem is shown in Figure 3.

v
“

Ground Truth Ours (Color) Ours (Depth) Error

Figure 3. Reconstruction results for the synthetic Classroom scene.

Table 1. Experimental results of the proposed method on the synthetic Blender dataset. For each
metric, the arrows indicate if lower or higher results are preferred.

Scene #Gaussians, PSNRT SSIM1 LPIPS|
Archiviz 604,504 38.36 0.979 0.064
Barbershop 573,016 36.97 0.979 0.048
Classroom 676,173 35.56 0.972 0.094
Monk 470,918 33.74 0.964 0.061
Pabellon 502,938 33.91 0.910 0.209
Sky 118,730 42.29 0.989 0.036

The rendered images clearly show a high level of local reconstruction error in the
region of the mirror. As the rendered depth shows, within the mirror, there are Gaussians
on the mirror’s surface, as well as Gaussians behind the mirror. Due to their limited
expressiveness, the Gaussians on the mirror’s surface lead to blurry horizontal artifacts.
The other Gaussians represent a mirrored room behind the mirror, which is heavily under-
sampled, preventing a photorealistic reconstruction. According to our understanding, this
issue is inherent to 3DGS, as it does not model any secondary rays. Furthermore, there are
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minor artifacts visible in the shady regions of the Monk scene. An outlier is the Pabellon
scene, which shows significantly worse metrics than all other methods. In this scene, the
method struggles to render the texture of the pool, causing blurry artifacts.

Archiviz

Barbershop Classroom

Ground Truth

36:7dB

i Y

Figure 4. Results of our proposed method on synthetic Blender scenes (Archiviz, Barbershop, and

Classroom). Red rectangles indicate areas in which our method produced reconstruction artifacts.
Zoom in for details.

Monk Pabellon

Ground Truth

42.4dB

Ours

Figure 5. Results of our proposed method on synthetic Blender scenes (Monk, Pabellon, and Sky). Red
rectangles indicate areas in which our method produced reconstruction artifacts. Zoom in for details.

4.2. ScanNet++

To further confirm the synthetic results, we performed a second experiment on the real-
world Scannet++ dataset for 30, 000 iterations, using our proposed method and Fisheye-GS.
As the authors who proposed Fisheye-GS thoroughly demonstrated, the use of classical
3DGS for the reconstruction of fisheye scenes performs significantly worse than Fisheye-GS,
so in this paper, we did not compare our method against 3DGS and relied on Fisheye-GS
as a benchmark. We did not optimize a separate skybox in this experiment because of
the absence of outdoor scenes. As our method is directly applicable to OpenCV fisheye
images, the pre-processing step to convert the images to equidistant projections was only
performed for Fisheye-GS. In Table 2, we report the number of Gaussians, PSNR, SSIM, and
LPIPS for each experimental run. For better comparability, we also report the mean of the
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normalized differences for each metric. Qualitative samples are shown in Figures 6 and 7.
When comparing the mean results, our method outperforms Fisheye-GS on every metric
except SSIM. However, the increases in PSNR and LPIPS are relatively small, and the main
improvement of our method over Fisheye-GS is the reduction in the number of Gaussians
and, thus, the model size, which shows a relative difference of 42.18%.

Bedroom Kitchen Office Day

Fisheye-GS Ground Truth

Ours

Figure 6. Results of our proposed method and Fisheye-GS on ScanNet++ scenes (Bedroom, Kitchen,
and Office Day). Zoom in for details.

Office Night Utility Room
= - ; g L R \

Fisheye-GS Ground Truth

Ours

Figure 7. Results of our proposed method and Fisheye-GS on ScanNet++ scenes (Office Night, Tool
Room, and Utility Room). Zoom in for details.

4.3. Ablations

To test the design decisions for our proposed method, we chose to conduct experi-
ments to validate the Jacobian distortion function, the learned skybox, and the number of
coefficients used for the polar distortion polynomial.
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Table 2. Experimental results of the proposed method on the ScanNet++ dataset. For each dataset,
the best result is highlighted in bold.

Scene Method #Gaussians] PSNRT SSIMT LPIPS|
Bedroom Fisheye-GS 345,084 32.09 0.947 0.192
Ours 239,923 32.09 0.946 0.191
Kitchen Fisheye-GS 593,270 30.75 0.935 0.179
Ours 392,722 30.80 0.928 0.188
Office Day Fisheye-GS 669,351 25.92 0.888 0.182
Ours 480,055 26.22 0.885 0.176
Office Night Fisheye-GS 684,649 26.30 0.907 0.176
Ours 448,746 26.27 0.899 0.179
Tool Room Fisheye-GS 2,647,082 27.01 0.856 0.222
Ours 1,479,128 26.95 0.851 0.221
Utility Room Fisheye-GS 749,024 28.06 0.915 0.165
Ours 453,970 29.20 0.923 0.155

Relative Fisheye-GS 42.81% —0.83% 0.31% 0.76%
Mean Ours —42.81% 0.83% —0.31% —0.76%

4.3.1. Jacobian Distortion

To qualitatively visualize the importance of this design component, we created a scene
consisting of Gaussians along the edges of a cube. Each Gaussian was stretched along
the axis of its corresponding edge. As Figure 8 shows, disabling Jacobian distortion leads
to blurred edges of the cube, since the Gaussians are not rotated according to the spatial
distortion. To confirm this observation quantitatively, we performed an optimization on the
Utility Room scene, showing overall improved visual metrics with the Jacobian distortion
enabled, as shown in Table 3.

N/ N A

N A\

Figure 8. Renderings of a cube with Gaussians along the edges. The left rendering has the scale
and rotation adjusted according to the Jacobian; for the right rendering, scale and rotation were
left unmodified.

Table 3. Experimental results for evaluation of the Jacobian distortion for rotation and scale of
the Gaussians.

Scene Jacobian #Gaussians] PSNR?T SSIM?T LPIPS|
Utility Room Enabled 455,653 29.07 0.923 0.155
Disabled 387,457 28.80 0.918 0.171

4.3.2. Degree of the Distortion Polynomial

To test the effect of varying the number of polynomial coefficients within the polar
distortion function, we performed experiments on the Utility Room scene with an increas-
ing number of coefficients. As shown in Table 4 and Figure 9, all metrics improve with
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an increasing number of coefficients, with only minor improvements from sixth degree
upward. This is to be expected, as increasing the number of coefficients decreases the ap-
proximation error, with diminishing returns when the approximation error approaches the
pixel size of the rendered image. For the chosen polynomial degree of eight, we computed
the sensitivity as the mean absolute deviation from the results for higher and lower poly-
nomial degrees and found the values of APSNR = 1.29 - 10~1, ASSIM = 1.75- 1074, and
ALPIPS = 1.97 - 10~*. This demonstrates the overall robustness of the proposed method
for the chosen polynomial degree.

Table 4. Experimental results for evaluation of the number of polynomial coefficients in the polar
distortion polynomial.

Scene Degree #Gaussians] PSNRT SSIMt LPIPS|
Utility Room 2 537,376 27.65 0.903 0.170
4 665,298 28.90 0.916 0.156
6 472,092 29.03 0.923 0.154
8 456,368 29.27 0.923 0.154
10 456,941 29.29 0.923 0.154
29.5 0.930 r 0.180
) {
] ® - 0.925 -0.175
2.0 [ J ® L ®
° - 0.920 - 0.170
o 28.5 1 »
. <
z L0915 5 F0.165 £
o % -
28.0 1
F0.910 - 0.160
¢ [
27.5 1 -
- 0.905 F0.155
° ® L ®
270 T T T T T T T T T ()L)O() - 0 150
2 3 4 5 6 7 8 9 10

Polynomial Degree

Figure 9. Evaluation metrics for the Utility Room scene for varying degrees of the polynomial polar
distortion function.

4.3.3. Learnable Skybox

For validation of the learned skybox, we performed two optimizations on the synthetic
outdoor Monk scene—one with the skybox enabled and one with it disabled. As Table 5
shows, all visual metrics improve significantly with the enabled feature. In addition,
Figure 10 illustrates the reason for this discrepancy. With the learned skybox disabled, the
sky is represented using a set of Gaussians in close proximity to the camera, which creates
floating sky artifacts and hides parts of the scene. The enforcement of the learned skybox
successfully mitigates this issue.

Table 5. Experimental results for evaluation of the learned skybox.

Scene Skybox #Gaussians] PSNR1T SSIM1 LPIPS|
Monk Disabled 389,608 31.92 0.958 0.074
Enabled 471,256 33.63 0.963 0.062
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Ground Truth Skybox Enabled Skybox Disabled

33:15dB F 30:7dB

v

Color

Figure 10. Results for our proposed model trained on synthetic data with the learned skybox enabled

(middle) and disabled (right).

4.4. Performance

To measure the performance of the model, we rendered 100 random views for each
model when trained on the ScanNet++ dataset and measured the inference latency. As
Table 6 shows, the current version of our method achieves interactive frame rates for
most scenes, whereas it shows high latencies for the Tool Room scene. This scene contains
significantly more Gaussians than the others, indicating a possible bottleneck for rendering
speeds. This behavior is expected, as our space-warping module leads to an additional
computational effort linear to the number of Gaussians being processed. We acknowledge
the existence of several projects focusing on the acceleration of 3DGS [8,31]; however, we

consider this process of optimization to be outside of the scope of this paper.

Table 6. Average rendering latencies for our proposed model when trained on the ScanNet++ dataset.

Scene Latency/ms #Gaussians
Bedroom 274435 239,923
Kitchen 33.81+4.8 392,722
Office Day 35.9+35 480,055
Office Night 38.2+3.6 448,746
Tool Room 120.8 £18.9 1,479,128
Utility Room 379+53 453,970

5. Discussion

With the photorealistic synthetic rendering results, we can confirm that our method is
a valid approach for extending 3DGS to arbitrary camera models. Although there are still
some reconstruction artifacts in shaded parts of the scene and highly reflective surfaces,
the metrics indicate a high visual quality. Furthermore, despite a significant discrep-
ancy between synthetic and real-world results, our method matched or outperformed the
Fisheye-GS method on the real-world dataset. From a quantitative viewpoint, the most
significant improvement of our space-warping approach is the reduction in the number of
Gaussians, enhancing the overall space efficiency of the reconstructed model. Qualitatively,
our method processes ScanNet++ OpenCV fisheye images directly, removing the need for
additional preprocessing steps. Additionally, extensive ablations supported the design
decisions in our method, such as the learned skybox, the Jacobian distortion, and the
number of polynomial coefficients. The learned skybox, in particular, effectively mitigates

floating artifacts and improves the overall visual quality of outdoor scenes.
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However, several open questions remain. One is the generalization capability of our
model. To compare our method with Fisheye-GS, we adopted the same eighth image
selection strategy for the test set. To further explore generalization, future research could
include rendering views from more distinct viewpoints or depth comparisons with ground-
truth data. Another limitation is the real-time capability of our model. While it achieves
interactive frame rates for most scenes, performance in larger scenes suggests a need for
further optimizations to reduce rendering latency.

6. Conclusions and Outlook

Our method demonstrates significant advancements in extending 3DGS to arbitrary
camera models, particularly in terms of space efficiency and preprocessing requirements.
The ability to process fisheye images without additional steps and the improved visual
quality achieved through the learned skybox showcase the potential of our approach.
Future research directions include optimizing camera parameters to reduce the reliance
on robust and precise calibration processes. The trainability of polynomial lens distortion
coefficients could be explored to enhance adaptability. Building on the modularity of
our method, it could integrate seamlessly with existing extensions for 3DGS, such as for
dynamic scene reconstruction [32], reconstruction without known poses [15], or more
compact scene representations [33]. Finally, we are currently developing the warping
module as a gsplat component. This step may enable the integration of our method into
real-time applications, broadening its practical utility and impact.
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Abbreviations

The following abbreviations are used in this manuscript:

NVS  Novel View Synthesis

3DGS 3D Gaussian Splatting

FoV  Field of View

SfM  Structure from Motion

NeRF Neural Radiace Fields

MLP  Multilayer Perceptron

PSNR  Peak Signal-to-Noise Ratio

SSIM  Structural Similarity Index Measure

LPIPS Learned Perceptual Image Patch Similarity
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Appendix A. Derivation of the Jacobian

As we introduced in Equation (9), we decided to model the space-warping function
(W(x)) as the composition of a coordinate transformation to spherical coordinates, a polynomial
distortion of the polar angle, followed by transformation back to Cartesian coordinates:

W(x) = (’Ephﬁcart oDo 7Eart%sph) (x). (A1)

Jacobian [y is, thus, formed by the product the three Jacobians corresponding to
these functions:

IW(X) = []sph%cart(p(,]zart%sph(x)))} {]D(ﬁart%sph(x))} {]Cart%sph(x)] (A2)

From the definition of Tt sph in Equation (8), we can derive its Jacobian as

B X Yy z

VAR VR VR

x o)
= z Itz +y2+22
J cart—sph | | Y = 1z ¥ .

z (x2+y2+22)3/2\/17 (x2+y2+22)3/2\/17 2 Va2

x2 +y2 +22
=y _x 0
x2 +y2 x2 +y2

z
x2+ y2 +22

The Jacobian is undefined at the pole, leading to numerical instabilities at points close
to the central camera ray. In our implementation, we discarded these most central points.
As the corresponding Gaussians are observed as non-central points from other perspectives,
this does not cause degradation of the reconstruction performance. The polar distortion
function (D) consists of an identity function for the radius and the azimuthal angle and an
eighth-degree polynomial function with coefficients cy, .. ., cs:

r r
D |0 | = |28 co], (A3)
¢ @

which results in the following Jacobian:

r 1 0 0
ol [0] ] =10 %, i1 0f. (A4)
@ 0 0 1

The final Jacobian corresponding to the transformation back to Cartesian coordinates
can be derived from Equation (8) as

r sinffcos@ rcos@cos —rsingsinf
Jsph—scart | |0 = |singsinf rsingcosf rsinfcos ¢
Q cosf —rsinf 0

Appendix B. Other Camera Models

To demonstrate the application of our proposed method to other camera models,
we considered an orthographic projection model. Within this camera model, a 3D point

(x,,2) " is projected to the pixel position (1,v)" as
wx w
M(.X') = T E/ (AS)
hy h
oy) = 2+, (A6)
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where w and & are the image width and height in pixels, while s represents the orthographic
scale. This projection is equivalent to an initial warping using

X xz
WL |yl | = |yz (A7)
z z,

followed by a perspective projection with the following intrinsic matrix:

w/s 0 w/2
K=10 1r/s r/2], (A8)
0 0 1

Differentiating the warping function yields

X z 0 «x
Jwl vy ] =10 z y|- (A9)
z 0 0 1

To test this camera model within our proposed pipeline, we generated a synthetic
dataset based on the public Lego scene [34], which has been used within several NVS
publications [2]. We utilized Blender’s orthographic camera model with its built-in ray-
tracing renderer. We rendered 100 frames and took every eighth frame as a validation
frame. After optimizing for 30, 000 iterations, for the validation set, we obtained a PSNR
of 36.45, an SSIM score of 0.978, and an LPIPS value of 0.03. Qualitative samples of the
validation views are shown in Figure Al. The demonstrated samples show a photorealistic
reconstruction quality with a consistent rendered depth. This example illustrates the
capability of our proposed method to be applied to a variety of camera models, including
non-fisheye lenses.

Ground Truth

35.1dB 38.1dB 37.4dB

Ours (Color)

Ours (Depth)

Figure A1. Results for three validation views optimized on our synthetic orthographic dataset.
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Appendix C. Additional Scenes

For the demonstration of our method’s generalization capabilities, we picked an
additional five scenes from the ScanNet++ dataset. These scenes were chosen to contain
objects not contained in the six main evaluation scenes to ensure a broad coverage of
reconstructed objects:

e Bathtub (1c876¢250f);

e Conference Room (1b75758486);
®  Electricity Room (1c4b893630);
e Plant (06a3d79b68);

e Printer (1b9692f0c7).

As shown in Table A1l and Figure A2, our proposed method achieves photorealistic recon-
struction quality on the additional scenes, demonstrating its overall generalization capability.

Table A1l. Experimental results of the proposed method on the five additional ScanNet++ scenes.

Scene #Gaussians] PSNRT SSIM1 LPIPS|
Bathtub 353,599 32.62 0.956 0.155
Conference Room 901,825 27.79 0.917 0.174
Electrical Room 1,405,169 31.88 0.946 0.129
Plant 1,046,335 28.03 0.871 0.182
Printer 498,382 30.49 0.917 0.199

Ground Truth Ours (Color) Ours (Depth)

Plant Electrical Room Conference Room Bathtub

Printer

Figure A2. Results for the five additional real-world scenes from the ScanNet++ dataset.
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Abstract: In this paper, we propose a global modelling for vector field approximation from a given
finite set of vectors (corresponding to the wind velocity field or marine currents). In the modelling,
we propose using the minimization on a Hilbert space of an energy functional that includes a fidelity
criterion to the data and a smoothing term. We discretize the continuous problem using a finite
elements method. We then propose taking into account the topographic effects on the wind velocity
field, and visualization using a free library is also proposed, which constitutes an added value
compared to other vector field approximation models.

Keywords: vector flow visualization; current/wind velocity field approximation; wind velocity
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1. Introduction

Vector field approximation has many applications, such as to predict wind turbine
production; in oceanography, to study marine currents; and more generally in a computer
sciences framework. As introduced in [1], in order to approximate a vector field, several
approaches have been developed: a finite element method interpolation (see [2]), PDE-
based methods, kriging methods, a Lagrange interpolation method and spline and Rational
Basis Function (RBF) approximations (see [3-8]). These approaches have drawbacks,
particularly when a small number of data are available and the approximation’s result is
qualitatively insufficient. In this work, we are precisely in a case where the number of data
from anemometers is considered low in comparison to the large study area. It is, therefore,
necessary to propose a mathematical model allowing for this type of data to be processed
via a robust energy functional minimization. The major methodological contribution of
this work consists in the modelling using D™ splines, as well as the contribution of adding
the topography effect into the numerical results; most of the methods proposed in the
literature do not integrate this important aspect, but because there are little available data, it
is important to include as much information in the model as possible to generate a realistic
wind field, and taking the topography into account is quite simple and brings significant
added value. Other methods (like [3-5]) only focus on the modelling and the mathematical
aspects of the approximation without adding more information than the input dataset. To
our knowledge, our approach is the first to offer such a global framework.

In this paper, we first give the considered vector field approximation model, using a
D™ spline operator, rigorously introduced in [1,7,9-11]. The dataset consists of a finite set
of vectors (xi, yi, wi);, where (xi, yi) locates the point in 2D and wi = (Ui, Vi) € R? gives the
direction and speed of the wind at location (xi, yi). A minimization problem is introduced,
leading to a variational problem whose solution is the searched for wind vector field. We
give the discretization using a classic finite element method. We then give details on how
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to integrate into the model the effect of the topography on the obtained wind velocity field;
this last part greatly improves upon previous models (given in [1]), where topographic
effects are not taken into account. We show the effects of this topographic influence on
the synthetic dataset given by an explicit function. We then give numerical examples for a
real dataset, including a specific tool for visualization. A global review of this complete
approximation framework is given in Figure 1.

Architecture of the data approximation program

Input— Vector field (xi, yi, Ui, Vi)i
Lagrange-type dataset giving speed and direction of wind

at a point (xi, yi)i

y 2

Definition of the studied

domain € as a rectangle such that all

GMSH or
points (xi, yi)i belong to (2

interactive
' tool

MESHING of Q: Triangulation of Q with

rectangles (or triangles)

; - choice of smoothing

D™ SPLINE APPROXIMATION parameter

- defining basis functions

Discretization of the problem

.. . . finite element method
on a finite dimensional space Vi ( )

- matrix construction
- linear system
' - resolution of the linear

Output: EVALUATION system (Choleski/or Gauss)

of the approximation on a regular grid

! 1

VISUALIZATION using Paraview and Matplotlib

Taking into account
topography effect on

wind velocity field.

26000

25500 P4
x

25000

24500 2

Figure 1. Global view of the approximation framework.
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2. Mathematical Modelling

The mathematical modelling of our approximation problem is constructed using a
D™ spline operator as follows: For all v € H""1(Q)), we introduce the energy functional
consisting of two terms. The first one is the data fidelity criterion, while the second one is
the smoothing parameter:

Je(v) = (p(v — w))* + €|v|2m+1,Q,R 1)

N
where () is an open subset corresponding to the studied zone. w = (wy, wy, ..., wy) € (Rz)

is the vector field dataset, p is a linear operator linked to the dataset, |o|2m +1,0,1R is the
usual semi-norm of the usual Sobolev space H"*1(Q) as defined in [1], () is the Euclidean
norm in R? and ¢ is a smoothing parameter generally equal to 10~ in many applications
(see [1,4,7,8] for more details). We recall that H"*!(Q)) is a space of functions belonging to
L2(Q) and their (m + 1) derivatives. We also introduce an ordered set of N points (x;); of ),
where we suppose as known the value of the wind velocity field. The linear operator p is

N
givenby p(v) = (v(x1),v(x2),...v(xN)) € (R2> . We use the D™ spline (see Gout et al. [1]
and Arcangéli et al. [7] for a complete study of this approximation operator) approximation

framework to solve this problem. We call ¢ the smoothing spline on Q) relative to p, which
is the unique solution of the minimization problem:

{ find o, € H"*! (Q), such that forany v € H"™1(Q) : o)

IS(US) < ]e(v)-

We can use the Lax-Milgram theorem to establish the uniqueness of this minimization
problem, since the solution ¢ of this minimization problem is the solution of the following
variational problem

find 0. € H"*1(Q), such that forany v € H"1(Q):
<p(7£,pv>+e( e,v) = (w, pv).

m+1,0,R
where (e, @), .1, g denotes the semi-norm of H"*1(Q). To apply the Lax-Milgram the-
orem, we recall that all the hypotheses of this theorem are satisfied, since H"*1(Q) is a

Hilbert space, and we also have as follows:

e a(u,v) = (pu,pv) +¢&(u,v), 1 qr is a bilinear form, being the sum of scalar products.

2
e  a(u,v) is continuous on (HmH(Q)) because [a(u,v]) < max(1,e)|[ull,, 1 all0llui1,0r
using the Cauchy-Schwarz inequality and the norm equivalence between

1/2

({00, 00) + (@ 0)ir0x)  and [0li100

a(v,v) is elliptic on H"+1(Q) since a(v,v) > min(1,¢)||v|[*m + 1, Q.

(w, pv) is a continuous linear form.

We now propose a discretization of the variational problem using a finite element
discretization (see [1,9,12] for more details on such a discretization). We recall that the
main idea of the finite element method is to replace the (Hilbert) space H" 1 (Q) used to
define the variational Equation (3) by a finite dimensional subspace V},. Of course, we
have V;, C H"™1(Q). The functions belonging to V). are piecewise polynomials, and the
bases of the functions for the space V), are constructed such that they have small support.
For any real 1 > 0, let T, be a triangulation of () by n-simplices or n-rectangles K with
diameter hg < h. We classically approximate the space H"*1(Q)) by the space V), a finite
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dimensional space included in H"*1(Q)) and admitting a polynomial basis of polynomial
functions (CDJ-)].. We write the solution of ¢, on the basis of V}, as

J dith
oly="Y Bi®: BieR (4)
j=1

Note that the polynomials (CDj)]. are given, since they are computed following the

chosen generic finite element. The generic finite element we choose here is the Bogner-Fox—
Schmit (BES) rectangle of class C!, where a function of V". is completely determined by its
four values (value, values of the two first derivatives and value of the twist derivative) at a
nodal point (see Appendix A). The choice of the BFS finite element is due to their capability
to easily tessellate rectangular domains and to guarantee a final approximation of class C!.

From (4), we have to find (B;). in order to find the solution (Tgh of our approximation

problem. We can now give the discretization of problem (3) using (4):

Find (B;); € RY™i such that Yk =1,...,dimVj,

N /dimV}, dimV},

Y( L Bi®jon(xi) ) +el L Bj-Pjon =
j=1 m+1,0,R"

i=1\ j=1

©)

1z

(w;, vp(x;))-

1=

—_

Equation (5) leads to the following linear system, taking as the test function vy, all the
basis functions ®;: k=1,...,dim V),

N dimVj, dimV}, N
Yo ) @ @lxi) e ) Bi( D5 Ph) e = 2 (Wi Pilxi)). ©)
i=1 j=1 j=1 i=1

We finally have to solve the following linear system to find the unknown real values (3 j)].:

()T A+€R)p = (A) wwith A = [@(x,)] and R = |(®;, ®)) )

1<i<N1<j<dimV, m+1,Q,R} 1<ij<dimVj,

For the numerical simulation, we take m = 1, and we use the Bogner-Fox-Schmit
finite element with the basis function as a polynomial of degree 3 (see [7] for more details).
The modelling we have introduced in this section permits the approximation of a wind
velocity field on all Q) from a finite set of data given, for instance, by several anemometers
(as illustrated in the numerical section of this work—Figure 10 and Figure 11).

3. Taking into Account the Topography

In Section 2, we proposed a framework to approximate a wind velocity field from a
finite set of measures. It is, of course, well known that the topography plays an important
role in wind field velocity variations. Obstacles modify air flows due to pressure forces
(see Figure 2). The wind slows down upstream of an obstacle, and accelerates downstream
of it.

Figure 2. Horizontally, we consider that air streams begin to rise upstream of an obstacle at a distance
such that d = h x cot(a/2), with h being the height of the obstacle and a the angle of the slope.

Since the approach introduced in Section 2 does not take into account physical con-
siderations, we propose here a way to approximate the topography’s influence by post
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processing the approximated wind field obtained from the model given in Section 2. More
precisely, let us consider a wind vector field on N points as

W = Wq,..., WN),

where each wind vector w’; belongs to R x R, with given coordinates (x;, y;) for each w’j,
according to the topographic configuration around it as follows: W’; = ¢;(0) w;, where W’} is the
adjusted wind vector and ¢;(6) is the coefficient computed from the topographic configuration
at point (x;, y;), depending on the wind direction 0. This approximation holds for local
topographic effects. It cannot take into account large-scale effects, such as Venturi effects in
valleys or straits. To compute the topographic coefficient ¢; for a given wind direction 0 at
point (x;, y;), we used the formulas given in parts 14 of [13], depending on the slope ®

1, d < 0.05
142s®, 0.05< P < 0.3 8)
14+06s, ®>03

where s is the characteristic coefficient of the obstacle, depending on its features (see Table 1
and Figure 3).

Table 1. Features used to compute the characteristic coefficient s of an obstacle (source: [13]).

Variables Definition
s Orographic location factor
Loy Upwind slope H/L, in the wind direction (see Figure 3)
L, Effective length of the upwind side
Ly Length of the upwind side
Ly Length of the downwind side
H Effective height of the obstacle
X Horizontal distance between point (x,y) and the top of the obstacle
z Height of the considered point (x,y)
. Summit
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Figure 3. Top: considered parameters for hills and ridges (source: [13]). Bottom: corresponding
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values of parameter s.
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The effective length L, is computed as follows (type of slope @ = H/L,):

L {Lu, 0.05 < ® < 0.3 )

- H
& o>03

We also have to compute the value of the orographic location factor s used in (8). As
shown in [13], the value of s is related to the ratio H/L.. More precisely, for an upwind

section, for ranges —1.5 < L% <0and 0 < L% <2 wetakes = Aexp BLiu , where

4 3 2
ya z Z 4
A= 0.1552<L6> — 0.8575 (Le) + 1.8133(Le) — 1.9115<Le> + 1.0124,

2
and B = 0.3542( £ )~ 1.0577({ ) +2.6456. Note that when - < ~1.50r2 < £ we
take s =0. ,
For a downwind section, as shown in [13], we take s = A <log L%) + Blog - + C, with

z\° z\? z
A=-1342(log— | —0.822(log— | +0.4609log — —0.0791,
& & g
L. L. Le

3 2
B=-1019(log — ) —0.891(log— ) +0.5343log — — 0.1156,
L, Le Le

3 2
and C = 0.803 <log LZ) +0.4236 (log LZ) —0.5738log Li +0.1606.
e e e

To compute the topographic coefficients of a domain D = [0, 1]*> x R?, we consider a
regular grid Dy, of D of step h. Then, for each point (xj, y;) = (ih, jh) in Dy, we compute a
coefficient for each wind direction 8. We split up the compass wind into eight directions 0;
from 0 to 360°, by steps of 45 degrees (see Figure 4).

Figure 4. Usual examples of compass wind and wind rose.

Once the collection of topographic coefficients is computed using (8), we use it to
adjust the approximated wind field, selecting coefficients according to the direction of each
wind vector and using them on the obtained approximating wind velocity field.

4. Numerical Examples

In this section, we give several numerical examples, including the computation of the
topographic coefficients (using a given function f) and the approximation of a vector field
from a finite set of vectors giving the direction and speed of the wind.
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4.1. Computation of the Topographic Coefficients

In order to illustrate the proposed methodology on synthetic data given by an explicit
given function f, we simulate an obstacle (hills) in domain D using the basic 2D function f
defined as follows:

fxy) = Fexp(—4(—9x —2)* = § 9y —2)%)
+3exp(— i (—9x +1)° = 9y + 1)%)

+hexp(~(~9x—7)? ~ 1(9y —3)?
2 2

—3exp(—4(-9x—4)* - (% ~7)
We define the discretized domain as Dy, with i1 = 1/n. The obstacle is obtained by
computing f for every couple point (xj, y;), wherei,j=0, ..., n. For n = 40, we obtain the
following obstacle (see Figure 5), and we give on this image the computed topographic

coefficients obtained using (10) (considering an arbitrary wind direction indicated by the
red arrow).

(10)

_1
1
_1
1

40 a5 3028 20 K

Figure 5. Example of an obstacle given by the function f in (10); the arrow gives the considered wind
direction (eastern wind). We also give the colormap of the topographic coefficients associated with
the east wind direction.

The simulated topographical data given by the function f in (10) are then used to
compute the topographic coefficients as described in the previous subsection. For each
of the eight wind directions, we can plot the color map of the computed topographic
coefficients on the obstacle. The associated colors go from dark, for zones where the
topography slows down the wind flow (c < 1), to white, for zones where the topography
accelerates the wind flow (c > 1). For instance, we have plotted color maps for situations
where the wind comes from the northeast (see Figure 6), west (see Figure 7) and southeast
(see Figure 8). For each figure, the arrow indicates the direction of the wind.
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0.3

0g

Figure 6. Color map of topographic coefficients associated with a northeast wind direction. The
arrow gives the considered wind direction.
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Figure 7. Color map of topographic coefficients associated with a west wind direction. The arrow
gives the considered wind direction.

0.2
407"

1]

1
0 5 10 15 20 25 30 35 40

T i i T i i i T

Figure 8. Color map of topographic coefficients associated with a southeast wind direction. The
arrow gives the considered wind direction.
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Note that the function given in (10) permits illustrating the topographic effect in cases
where we consider hills and ridges (as in Figure 3). We have tested the topographic effect
on more vertical hills and the results were satisfying. For the case of cliffs or escarpments
(Figure 9), the computation is slightly different but the reasoning is analogous, and the
values of the corresponding orographic parameters are given in Figure 10. An improvement
could be to propose calculations to take into account the influence of buildings (vertical
walls of buildings with a rectangular plan, the influence of the angle of roofs, etc.) or of
vegetation (trees, etc.), especially if we want to reconstruct the wind on a micro-scale.

1 .
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Figure 9. Top: case of cliffs or escarpments [13]. Bottom: equivalent method to compute orographic
coefficients (as we did for hills and ridges).
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Figure 10. Studied zone (northwest France). Anemometers located in Caen, Octeville, Rouen,
Beauvais, Abbeville and Le Touquet were selected.

We now give several numerical experiments on real datasets. The experiments are
performed on a 2.21 GHz Athlon with 1.00 GB of RAM.

We focus on the data for wind vector fields acquired in northwest France; the dataset
takes into account eight weather stations (Meteo France, Figures 10-12).

105



J. Imaging 2024, 10,

285

256

x10* Données de vent initiales

262

26
258
256

2541

Octeville

.
Rouen
.

248
Caen

246+

244

Le Touquet

bbeville

Beauvais
+

1 1 1 1
4000 4500 5000 5500

1
6000

Figure 11. Example of a wind dataset for a given time step. The location is northwest France; the

data are from anemometers located at six different airports.
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Figure 12. We give two different approximations using the model given in Section 2 of the wind
velocity field using a 4 x 4 finite element grid (a) and a 3 x 3 finite element grid (b). Colors indicate

wind speed (same colormap as on Figure 11).

4.2. Numerical Simulations of the Global Algorithm

In this subsection, from a set of six velocity wind data, we give the approximation
obtained by the method in Section 2, and we then compute the topographic coefficients of

the studied zone using the method given in Section 3.

Here is some information about the numerical examples:

e  Dataset: six anemometers located at six airports giving the direction and speed of the

wind, see Figures 10 and 11;
Parameter ¢ = 0.000001;

Studied domain: [3500, 6000] x [2.44, 2.62];
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Generic finite element: Bogner-Fox-Schmit of class C! (See Appendix A);

Meshing: 4 x 4 rectangles and 3 x 3 rectangles. The results are given in Figure 12.
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The choice of the finite element meshing is crucial, and it must be linked to the number of
data we have in the input. For a grid of 3 x 3 rectangles, we have 9 rectangles, 16 nodes and,
as we have four basis functions per node with the BFS finite element of class C!, the dimension
of the space V), is equal to 64 (while it is 100 with a 4 x 4 meshing, leading to 16 rectangles and
25 nodes). As we do not have a large amount of data, we choose a low number of rectangles in
our mesh. If we choose a finer grid, the approximation error increases.

We compute the quadratic error given by the following quotient

2\ 172

. (ot (@)~ w;)

i=1 2

Quad_Error =
(wi)3

M=z

1

where (o), denotes the Euclidean scalar norm. In all our different tests, the quadratic errors
is of 1073 and 10~ orders, which is considered as very good in the context of vector field
approximation. We then compute this obtained approximation using the topography of the
considered zone (see Figures 7 and 13 for the result).

Données de vent spustées (ugosté)

1 1
4000 4200 4400 4600

(a) (b)

Figure 13. Topographic map of the studied zone (Normandy Region, France) (a). Wind vector field
(approximated from the six different Meteo France locations at airports) on the topographic map (b).

In order to show this method on more complicated datasets, we consider the wind
conditions over 90 h; we have the value of the wind vector field at each Meteo France
station every 3 h (total of 30 datasets). We apply the previous method for each time step.
We then obtain the approximated wind velocity field over the 90 h. We have to propose a
way to visualize such datasets.

5. Visualization

To obtain a simulation on time using a free library, we first propose using Matplotlib
using Python. The following code was developed at INSA Rouen Normandie by the
authors (and thanks to H. Merelle from the Applied Math. Department for his help). The
main advantage of this code is that it gives a complete framework from the input (dataset)
to the numerical simulation, including the approximation using the spline functions, finite
element methods and the topography influence.

Algorithm for visualization using Matplolib [14].
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Here is the list of files necessary for correct processing and the different steps of the

proposed method linked to the flowcharts given in Figure 1:

Initial Input: dataset (xi, yi, (Ui, Vi))i.

Definition of ()—meshing of () with rectangles (as we use rectangular finite elements):
the number of subdivisions is linked to the number of data; in the examples here, it is
3 x 3 or4 x 4 subdivisions in x and y.

D™ spline approximation: the output is the evaluation of the vector field on each point
of a fine grid of ).

Computation of topography effect on the vector field: output.txt file.
Script_visualization.py

The “output.txt” file (in the same folder).

The purpose of the program is to visualize a vector flow from text files, with the

possibility of adding a background (topography, etc.).

Data conditions:

For an animation:

The “output.txt” file is of the form
X1Y1U1_1V1.1U1.2V1_2...

X2Y2U2.1V2.102.2V2 2...

with X1 and Y1 being the first coordinates, followed by U1_1V1_1U1_2 V1_2..; the
different sizes of the vectors are a function of time.

To execute in a terminal under Ubuntu, we use the Python script_visualization.py,
with the following instructions:

O The title: it represents the file name (when exporting) and the title of the figure.

O The size of the vector arrows: the bigger they are, the smaller the vectors appear.

O The number of images: if your output file is of the form “Animation”, in this
case you will have the following question, “Enter the number of frames per second”;
it determines the frame rate per second.

@) For the background: “O” for accept or “N” otherwise.

O For the name of the image you must give the file extension: here is a non-
exhaustive list of usable formats: [name].png, [name].jpg, [name].jpeg and
[name].gif.

O To display the result: This command is only used to show you the result. The
result is still saved even if you do not display it.

O Data output: For an animation, you can find the animation in the folder in the
form [title].gif, and for a fixed image, you can find the rendering in the folder
in the form [title].png.

In order to show a numerical simulation, we give a simulation for all of the Normandy

region (wind velocity field using the Meteo France dataset) using this Python script and
using Matplotlib.

Examples of the obtained visualizations on a sequence (time) of an approximated

velocity vector field (test in the Normandy region, France) and marine current (Seine River
at Rouen, France) are given in Figures 14 and 15.
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Figure 14. Visualization of a vector flow in Normandy, including the topography effect using Matplotlib
(http:/ /lmi.insa-rouen.fr/images/contenu/Movies/ Test.gif accessed on 1 November 2024).

10

Figure 15. Example of visualization of marine currents in Rouen, France. Arrows indicate directions
and speed (following length of the arrow) of the current. Visualization is performed using Matplotlib.
(http:/ /Imi.insa-rouen.fr/images/contenu/Movies /Rouen.gif accessed on 1 November 2024).
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6. Discussion and Future Directions

About the approximation method using D™ splines, note that a theoretical study
of the error in the approximation method following the used finite element mesh is a
work in progress. To do that, we use previous results obtained from smoothing spline
approximations from a finite set of points, as performed in [10,11]. Another development,
linked to the approximation part, will be to propose an automatic meshing of the domain
and different choices for the used generic finite element (based on triangles, etc.).

Another goal consists in improving both the modelling and visualization. About the
modelling, the goal will be to include new kind of datasets; nowadays, it is possible to
obtain wind datasets from Lidar located on wind turbines (see Figure 16). This dataset gives
the wind velocity field with a specific geometry: along a spiral. It makes the computation
much more difficult because it requires a specific finite elements meshing, which makes the
process much less automatic.

Figure 16. Example of the location of data in a Lidar dataset.

We also plan to add a smooth visualization based on texture using the Matplotlib
library. Another crucial point consists in the effect of using a smooth visualization of
the flow using streamlines. Vector field data are produced by scientific experiments and
numerical simulations, which are now widely used to study complex dynamic phenomena,
using a robust method to visualize steady flow field with both line representations and
textures. In [15], the authors specify that “a streamline is a line tangential to the vector field
at any point. Covering an image with a set of streamlines is a very good way to visualize
the flow features” (see Figure 17 and [15] for more details).

In order to show this method on more complicated datasets, we considered the wind
conditions over 90 h. We have the value of the wind vector field at each Meteo France
station every 3 h (total of 30 datasets equivalent to the one we show in Section 4).

We then computed the obtained vector field using the modelling proposed in this work
with the help of B. Jobard [15], and we obtained the movie given in [16]. This result is smooth
and promising. But improvements have to be made to propose a tool able to treat the whole
process with the same software, and to maybe try other approximation methods (like the one
in [17], and to mix this approximation/visualization tool with an image processing framework,
or the one in [18-20], using radial basis functions; this is ongoing work). Moreover, it is also
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crucial to develop an algorithm with which to approximate more complex datasets, like Lidar
ones (instead of anemometers) to compute wind velocity fields.
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Figure 17. Different streamlines to visualize a vector flow can be used (Short streamlines on the left
and long streamlines in the middle. On the right, this is an image we can obtain using the “streamline
algorithm” of [15]).

7. Conclusions

In this work, we successfully proposed a global tool, from vector field approximation
to visualization. We proposed a method to obtain a visualization of a vector field from a
sparse dataset, after computing its numerical approximation using a mathematical model
using energy minimization and finite elements for the discretization. Note that we also
integrated the topography effect into the modelling of a wind velocity field approximation
method. To our knowledge, this is the first global approach for such numerical simulations
from a dataset with few data.

As stressed in Section 6, several developments should occur in the future in order
to improve this global approach. Many potential applications exist, from velocity wind
approximation for wind turbine energy modelling, current simulation for modelling the
morphodynamics of coastal zones and control theory for vehicle navigation (cars, sub-
marines, etc.).
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Appendix A. Bogner-Fox-Schmit Finite (BFS) Element of Class C!

We give some results here about the BFS finite element, keeping the usual notations
introduced in this field (see [21,22] for more details). We introduce the BFS of class C! we
use in this work. We consider a rectangle K, a set of polynomial functions P and a set of
degrees of freedom ) defined as

- Kis the rectangle defined by the four points (x;,y;), (xiy1,¥i), (X;,yir1) and (xiy1,Vi41)
(see Figure Al).

- P=Q3(R2)={q(x,y) Y owxyl, %GR}
O<1]<3

2
- L= {4’k1 o L y)idl P L)iey p %(xk,yz)l%g) P %(xkryl)}-

It easy to check that dim P = card ), = 16 and that ) is P-unisolvant. Thus, the triplet
(K, Y, P) defines a finite element. The 16 elements of ) are called the “degrees of freedom”
of the considered finite element.

4
(Xi,}'j+|) (xi+1’yAi+1)

=
— —- - >

S,

xpy) |-~ - ———— = > [ &inY))

N

Figure A1. BFS rectangle finite element.

We now have to define the basis function of (K, }_, P). To do that, we first work on a
reference finite element corresponding to the rectangle K = [0, 1] x [0, 1]. Then, an affine
transformation gives all the basis functions for all the degrees of freedom of the meshing.

Each basis function is a polynomial belonging to P, with a value of 1 for one of the
16 degrees of freedom, and value of 0 for the 15 others.

For example, on the rectangle of reference [0, 1] x [0, 1], the four basis functions at
point (0, 0) are

oo, y) = (26 +1)(x - D2y =1y -1)"
<P(()g)(x,y) = 2x+1)(x — 1)y — 1%
2
<P(()g)(x/y) =x(x—=1)"(2y + 1)( —17%
2
900 (x,y) = x(x = 1)’y(y — 1

We find the 16 basis functions for the 12 other degrees of freedom.

The finite element method then uses the basis function of the “reference” finite element
to compute all the basis functions corresponding to the finite element mesh, with four basis
functions for each node of the meshing. To do that, we just have to apply a diagonal affine
mapping W, such that W([0, 1] x [0, 1]) = K, transforming each vertex of the reference
element into one vertex of K (Figure A2). Then, the basis functions of K are trivially
obtained using the mapping W and the basis function of the element of reference (see p. 57
of [22] for example).

(A)
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Figure A2. Affine transformation to compute the basis function of any point using the basis function
of the reference finite element.

One of the main advantages of a finite element basis is that these basis functions have
a very small support; thus, the matrix of the linear system we obtain is sparse (diagonal and
positive definite!). A global introduction to the finite element method can be found in [23].
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Abstract: Traditional 3D reconstruction models have consistently faced the challenge of balanc-
ing high recall of object edges with maintaining a high precision. In this paper, we introduce
a post-processing method, the Multi-Head Attention Refiner (MA-R), designed to address this issue
by integrating a multi-head attention mechanism into the U-Net style refiner module. Our method
demonstrates improved capability in capturing intricate image details, leading to significant enhance-
ments in boundary predictions and recall rates. In our experiments, the proposed approach notably
improves the reconstruction performance of Pix2Vox++ when multiple images are used as the input.
Specifically, with 20-view images, our method achieves an IoU score of 0.730, a 1.1% improvement
over the 0.719 of Pix2Vox++, and a 2.1% improvement in F-Score, achieving 0.483 compared to
0.462 of Pix2Vox++. These results underscore the robustness of our approach in enhancing both
precision and recall in 3D reconstruction tasks involving multiple views.

Keywords: multi-view 3D reconstruction; attention mechanism; multi-head attention; refiner; object
boundary prediction

1. Introduction

In recent decades, the methodologies for creating 3D representations from 2D images
have undergone significant changes. The field of 3D reconstruction has seen development
of numerous geometric theory-based vision algorithms, such as feature extraction (SIFT)
[1], structure estimation using epipolar geometry [2], and model creation via Delaunay
triangulation [3]. However, these algorithms consume a considerable amount of computing
power, making 3D reconstruction a time-consuming process. The advent of deep learning
has shifted these paradigms, offering improvements in both precision and recall, contribut-
ing to advancements in 3D reconstruction methodologies. Deep learning has particularly
revolutionized the refinement of reconstructed shapes, addressing the challenges posed by
the complexity of details and textures inherent in 3D objects.

The attention mechanism is a methodology in artificial intelligence that enables models
to focus on the critical aspects of data. This mechanism has been adopted in various forms
throughout deep learning networks, with the transformer architecture [4] being one of the
most prominent examples that uses the multi-head attention mechanism. The transformer
architecture has demonstrated its high performance in both natural language process-
ing (NLP) [4] and computer vision tasks [5]. Given the demonstrated effectiveness of
transformers and the precise focus provided by the attention mechanism, this approach is
expected to effectively address challenges in 3D reconstruction. Specifically, the original
Pix2Vox++ model often struggles with accurate boundary prediction and maintaining high
recall rates, particularly for complex geometries. Therefore, we incorporated a multi-head
attention mechanism into the refiner module to enhance the model’s capability for focusing
on intricate details, thereby reducing boundary prediction errors and improving overall
reconstruction accuracy. Multi-head attention enables the model to focus on distinct spatial
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and contextual features of the input simultaneously, effectively capturing both fine-grained
and broader-scale information. This approach is particularly effective for reconstruct-
ing complex 3D structures, ensuring accurate representation of intricate boundaries and
fine details.

We applied this concept to the existing deep learning 3D reconstruction model Pix2Vox,
with the primary contribution of this research being the integration of a multi-head atten-
tion mechanism into the refiner module of Pix2Vox++. This enhancement aims to improve
the model’s capability to effectively balance the precision and recall of object boundaries,
particularly when handling multiple views. Our proposed approach not only enhances
boundary accuracy, but also ensures better retention of fine details across different input
views, resulting in a superior 3D reconstruction quality. This model takes multiple input
images of a single object and reconstructs the 3D object in voxel form. The original architec-
ture of this model employs an encoder—decoder structure along with a U-Net-based refiner.
We modified the refiner to incorporate a multi-head attention mechanism for better data
flow. With this modification, the modified Pix2Vox++ demonstrates a greater improvement
in IoU and F-score values when more than four input images are given. Specifically, our
modified model showed fewer errors at the object boundaries and improved recall rates.
For example, when using 20-view inputs, our model demonstrated a 2.1% improvement in
F-Score, highlighting its robustness in enhancing both precision and recall in multi-view
3D reconstruction tasks.

The remainder of this paper is organized as follows: Section 2 reviews the related work,
Section 3 describes the proposed methodology and architecture, and Section 4 presents
the experimental results, highlighting how the integration of the multi-head attention
mechanism enhances Pix2Vox++ in terms of boundary accuracy and overall reconstruction
quality. Finally, Section 5 concludes the paper and discusses future work.

2. Related Works
2.1. 3D Reconstruction

Comprehensive reviews of 3D object reconstruction approaches can be found in [6].
The 3D reconstruction task can be classified by input types, such as single-view 3D re-
construction and multiview 3D reconstruction, categorized by output format, including
voxel grids, point clouds, and 3D meshes. The single-view 3D reconstruction task is
a long-established, ill-posed, and ambiguous problem. Before learning-based methods,
many attempts have been made to address this issue, such as Shape from X [7], where
X may represent silhouettes [8], shading [9], or texture [10]. These approaches require
strong assumptions and abundant experience in natural images [11], so they are rarely
applied in real-world scenarios. With the advent of learning-based methods, many ap-
proaches have achieved strong performances. The 3D Variational Autoencoder Generative
Adversarial Network (3D-VAE-GAN) [12] combines a generative adversarial network
(GAN) [13] and a variational autoencoder (VAE) [14] to generate 3D objects from single-
view images. Marrnet [15] reconstructs 3D objects by estimating the depth, surface normal,
and silhouettes from 2D images.

Multiview 3D reconstruction tasks have been studied with algorithm-based methods.
Structure-from-motion (5fM) and simultaneous localization and mapping (SLAM) algo-
rithms require a collection of RGB images. These algorithms estimate 3D structures through
dense feature extraction and matching [1]. However, algorithm-based methods struggle
when multiple viewpoints are widely separated. Furthermore, as the input is discrete
information, it cannot offer a full surface of an object, which leads to reconstructing incom-
plete 3D shapes with occluded or hollowed-out areas. With the learning-based method,
Pixel2Mesh [16] is the first to reconstruct the 3D shape in a triangular mesh from a single
image. Octree Generating Networks (OGN) [17] uses octree to represent high-resolution
3D volumes with a limited memory budget. Matryoshka Networks [18] continuously
decomposes a 3D shape into nested shape layers, which outperforms octree-based recon-
struction methods. More recently, AttSets [19] used an attentional aggregation module
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to automatically predict a weight matrix as attention scores for input features. Both 3D
Recurrent Reconstruction Neural Network (3D-R2N2) [20] and Learnt Stereo Machines
(LSM) [21] are based on Recurrent Neural Network (RNN), resulting in the networks being
permutation variants and inefficient for aggregating features from images of long sequence.

Beyond the domain of 3D reconstruction, there are several additional methods exist for
representing 3D objects from 2D images. Novel view synthesis (NVS) is one such method
for representing a 3D object. It generates novel photorealistic views by interpolating given
2D images [22-24]. Novel view synthesis task has supported 3D reconstruction by gener-
ating interpolated images, providing additional data to enhance reconstruction process
before Neural Radiance field was introduced. Neural radiance field (NeRF) is a method
for synthesizing novel views of complex scenes by optimizing an underlying continuous
volumetric scene function using a sparse set of input views [25]. The introduction of Neural
Radiance Field marked a turning point, as its exceptional results sparked widespread
interest and led a number of following studies. Like the models in 3D reconstruction, some
of those variant models [26-28] generated a synthesized image from a single image input.
Some studies expanded the NVS task into 3D reconstruction. In other words, some studies
of NeRFs produced 3D outputs in the form of voxel [29], point cloud, and polygons, while
the original NeRF only generated 2D outputs in the form of image and video.

In recent studies, the emphasis has shifted from developing models that perform 3D
reconstruction to NeRF models in NVS that are also related to the recently introduced
Gaussian Splatting technique [30]. Although we focus on developing a 3D reconstruction
model rather than to recent approaches like NeRF, the concept of refining the U-Net
structure is generalizable and could be applied across different deep learning architectures,
independent of the specific task.

2.2. Attention Mechanisms

The general form of the attention mechanism is presented below [31].
Attention = f(g(x)|x) 1)

Here, f(g(x),x) means processing input x based on the attention g(x), which is
consistent with processing critical regions and obtaining detailed information. Almost all
existing attention mechanisms can be written into the above formulation. As attention
mechanisms have been researched, a number of variants such as ‘spatial attention [32]:
where to pay attention’, ‘temporal attention [33]: when to pay attention” and ‘channel
attention [34]: what to pay attention” have been proposed. With self-attention and multi-
head attention, transformer architecture has been applied in natural language processing
tasks, showing significantly improved results [4].

Several studies have used attention mechanism and transformer architecture itself
for enhancing 3D reconstruction performance. EVoIT [35] reformulated 3D reconstruction
problem as a sequence-to-sequence prediction problem and proposed a 3D Volume Trans-
former framework inspired from the success of transformer. Differently from previous
CNN-based networks, EVoIT has an advantage by unifying the two stage feature extrac-
tion and view fusion into a single stage. The aention mechanism allows them to explore
the view-to-view relationships from multi-view input images. Self-attention ONet [36] is
an enhanced version of ONet [37] incorporating the self-attention mechanism into original
3D object reconstruction model. By employing a self-attention mechanism, models could
extract global information, ignore unimportant details, and obtain more consistent meshes.
METRO [38] is a mesh transformer framework that reconstructs 3D human pose and mesh
from a single input image. By leveraging the transformer, it could simultaneously recon-
struct 3D human body joints and mesh vertices. VoRTX [39] model for 3D volumetric
reconstruction could retain finer details from fusing multi-view information by performing
data-dependent fusion using a transformer.
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Inspired by these previous studies, we introduce a multi-head attention refiner that
incorporates multi-head attention mechanism into the refiner module to recover finer
details from coarse volume.

3. Proposed Method
3.1. Pix2Vox++ Network Architecture

The Pix2Vox++ [40] network architecture, initially comprising an encoder, decoder,
multi-scale context-aware fusion module and a refiner, has been enhanced in this study.
The encoder starts by generating feature maps from input images, which are then processed
by the decoder to produce coarse 3D volumes. These volumes are further refined by the
multi-scale context-aware fusion module, which selects high-quality reconstructions from
all the coarse volumes to create a fused 3D volume.

Our study focuses on improving the existing refiner module, which is crucial for
correcting inaccuracies in the fused 3D volume but has limitations in capturing intricate
object details and maintaining high recall rates. By incorporating a multi-head attention
mechanism into the refiner module, we significantly improved the model’s capability to
predict precise object boundaries, resulting in more accurate and detailed 3D reconstruc-
tions. This integration showcases the effectiveness of attention mechanisms in advancing
deep learning models for 3D reconstruction tasks.

3.2. Multi-Head Attention Refiner

Traditional 3D reconstruction refiners often struggle with maintaining high recall
of object boundaries, particularly in complex geometries. The multi-head attention re-
finer (MA-R) is introduced in this study to address these shortcomings. By integrating
the attention mechanism, MA-R selectively focuses on critical regions of the 3D volume,
improving precision at object boundaries and enhancing the overall model accuracy. Specif-
ically, we aim to mitigate the boundary prediction errors observed in previous refiners,
as shown in Figure 1. The modified refiner, enhanced with multi-head attention, allows
for better preservation of detailed information, ensuring that object boundaries are more
accurately reconstructed.

v

[ \
P :

Input

output

Single-head attention GT Multi-head attention
refiner refiner

Figure 1. 3D reconstruction of an airplane from multi-view and single-view inputs: This figure
presents both the angle-specific reconstruction results of an airplane using multi-view inputs and
the results obtained using single-view inputs. The comparison demonstrates the effectiveness of our
proposed model in translating multi-view 2D input images into accurate 3D objects.

MA-R helps tackle one of the most persistent challenges in 3D reconstruction—accurately
capturing fine details, particularly at object boundaries, without introducing noise or losing
important features. By employing multiple attention heads, MA-R processes the 3D volume
at various resolutions, ensuring that both fine-grained and large-scale structures are equally
well reconstructed. Focusing on the most informative regions of the volume results in more
precise and detailed reconstructions, as demonstrated in our experiments.

Equations (2)—(4) represent the mathematical formulations of the mechanism of self-
attention in our multi-head attention refiner. Equation (2) indicates a linear transformation
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to generate the query vector (Q), key vector (K), and value vector (V). Equation (3) repre-
sents the computation of attention weights in self-attention. Finally, Equation (4) denotes
the final output, which is the product of the attention weights and the value vectors. This
integration of the attention mechanism enables the refiner to focus on the most informative
parts of the 3D volume, resulting in a more accurate reconstruction, as shown in our output.

Q,K,V = Linear(x) 2)
g(x) = Softmax(QK) (©)
fg(x),x) = g(x)V @

The architecture of our proposed model is fundamentally based on Pix2Vox++, incor-
porating multi-head attention (MHA) specifically within the refiner. In this architecture,
multi-view images are first processed through an encoder—decoder structure to generate
coarse 3D volumes. The MHA refiner is then applied to these volumes to refine and en-
hance the details. The MHA mechanism processes each feature map by computing key,
query, and value matrices from the input volume. These matrices are used to calculate the
attention weights, determine how much focus each region of the volume should receive
based on its relevance to the overall 3D structure.

Specifically, the MHA refiner employs several heads to provide attention to different
aspects of the 3D volume, allowing the model to capture intricate details that may be
missed in single-headed attention. The structure of MHA is depicted in Figure 2. Volumes
16-L, 8-L, and 4-L are processed through the MHA, and their outputs are attached to their
corresponding volumes of 32-R, 16-R, and 8-R, respectively. This multi-scale refinement
process allows the MHA to focus on fine-grained details at multiple resolutions, ensuring
that the final volume output of 323 retains high levels of detail and accuracy.

32x32x32 Volume output
MHA_Refiner

Multi-head-attention
I:] Same level right side volume

T9 -
a —| Encoder |—| Decoder ﬁ

Multi-view Coarse ;D
input images volum

32x32x32 Ground truth

Figure 2. Architectural overview with multi-head self-attention integration in the refiner encoder:
This figure demonstrates the integration of multi-head attention within the refiner module of the
Pix2Vox++ architecture. The process involves using four-view images and generating a refined 3D
volume output of 32 x 32 x 32.

Figure 3 describes how multi-head self-attention is integrated within the encoder
section of the refiner. It focuses on the transformation process following layer 3, leading
up to the input for layer 4, emphasized by the application of multi-head self-attention.
Each layer initially processes the feature map through the convolution 3D layer, batch-
normalization 3D layer, LeakyReLu as the activation function, and max pooling 3D layer.
In the post-processing layer, the volume undergoes a linear transformation to set the query
(Q), key (K), and the value (V). The attention score is generated by the multiplication of the
matrix of Q and K. These scores, once normalized with a softmax, stabilize the weights,
and their multiplication with V produces an output of the original size, which is fed to the
subsequent layers. A unique feature of this model is the repetition of internal attention that
extends over several heads.

119



J. Imaging 2024, 10, 268

Coarse_volumes

Scaled dot-product attention

Attention
score

Num
Head

Conv3dD
BatchNorm3D

LeakyRelLU

° Matmul
O Softmax

Figure 3. Integration of multi-head self-attention post layer 3: This figure delineates the specific

MaxPool3D

segment within the MA-R refiner where the multi-head self-attention mechanism is employed. It
emphasizes the transformation process from the input of the third layer to its output, which then
serves as the input for the subsequent fourth layer. This portrays the layered sequential processing and
the attention-based enhancement applied within the refiner’s encoder, underlining the effectiveness
of the multi-head self-attention in refining 3D reconstruction outputs.

In the Section 4, the intersection over union (IoU) and F score will be used as quan-
titative metrics to demonstrate the effectiveness of the proposed method. Other models
will also be compared, with a comparison to Pix2Vox serving as an ablation experiment.
Additionally, reconstructed 3D objects will be presented as qualitative results.

4. Experiment
4.1. Datasets

The ShapeNet dataset [41] is a comprehensive and widely used collection of 3D
CAD models, organized based on the WordNet taxonomy. It is renowned for its large
scale and diversity, encompassing a wide array of object categories, making it a standard
benchmark in the field of 3D object reconstruction. ShapeNet provides richly annotated
3D CAD models that are crucial for training and evaluating 3D reconstruction algorithms.
In this study, we utilized a subset of the ShapeNet dataset, consisting of approximately
44,000 models across 13 major categories. This selection is aligned with the datasets used
in 3D-R2N2 [20], ShapeNetRendering, and ShapeNetVox32. The choice of this subset was
driven by our aim to ensure compatibility and facilitate a direct comparison with existing
studies, particularly those that have employed 3D-R2N2, a well-established framework in
multi-view 3D reconstruction. By using this subset, we aim to benchmark our proposed
method against established performances in the field, ensuring that our findings are both
relevant and comparable within the current research landscape.

4.2. Evaluation Metrics

To evaluate the quality of the proposed methods, we binarized probabilities at a fixed
threshold of 0.3 and calculated IoU as a similarity measure between ground truth and
prediction.

il (P > £)1(Prj)
Sijud[1(Pjse > £) +1(Pyjx )|

where pi,j,k and P, ; x represent the predicted occupancy probability and the ground truth
in the (i, j, k) voxels, respectively. I(-) is an indicator function and ¢ denotes a threshold.
Higher IoU values correspond to a better reconstruction accuracy.

IoU =

©)
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We calculate the F-Score as an additional metric to evaluate the performance of 3D
reconstruction results. The F-Score represents the harmonic mean between precision and
recall, and is defined as follows:

2-P(d)-R(d)
F-Score(d) = —————~+~ 6
@) =) + R(d) ©
where P(d) and R(d) are the precision and recall for a given distance threshold d, respec-
tively. These are computed by:

1 .

P@)= 5 L min g 1l <] %
1 .

R = T [rrrelgglgrll < d] ®

where R and G denote the reconstructed and ground truth point clouds, respectively, and 7,
and 7, represent the number of points in R and G, respectively. We used the Marching
Cubes algorithm to extract the object surface from the reconstructed voxel. We sampled
8192 points from the surface to compute the F-Score between the prediction and ground
truth [42]. Higher F-Scores indicate better reconstruction quality.

4.3. Implementation Details

We trained the proposed methods with batch size of 64 using 224 x 224 RGB images
as the inputs. The output data are 32% voxels. We implemented our networks in PyTorch
2.4.0+cul21 [43] and trained Pix2Vox++/A using the Adam optimizer [44] with 31 of 0.9
and B, of 0.999. The initial learning rate was set at 0.001 and decayed by 2 after 150 epochs.
We trained the networks for 250 epochs, while multiscale context-aware fusion does not
apply in single-view reconstruction tasks. All of the experiments were conducted using an
NVIDIA A6000 GPU (NVIDIA Corporation, Santa Clara, CA, USA) on a server provided
by Sogang University.

4.4. Results
4.4.1. Quantitative Results

This improvement can be attributed to the ability of the MA-R to selectively focus
on essential geometric details while minimizing the influence of noise. The multi-head
attention mechanism prioritizes high-frequency features, such as sharp edges and object
boundaries, which are crucial for preserving the integrity of the 3D reconstruction. Con-
versely, irrelevant or redundant low-frequency information that could introduce noise is
suppressed through the attention mechanism.

As the number of input views increases, the network is better able to refine the object
by distinguishing between fine details and noise, leading to more accurate reconstructions,
particularly in complex geometries. The improved capability to focus on relevant details
directly enhances the model’s performance, resulting in increased accuracy, as evidenced
by higher IoU and F-Score metrics.

4.4.2. Qualitative Results

We also performed a qualitative evaluation of our proposed method. Figures 4 and 5
present the results of this evaluation.

In Figure 4, we demonstrate the qualitative evaluation of MA-R performance using
the sofa and chair datasets. The improvements made by MA-R are emphasized by using
color-coded boxes. The red and yellow boxes indicate that the voxels that were present
but did not exist in the ground truth have been removed after MA-R application. The blue
boxes show areas where parts that were missing in the initial model but present in the
ground truth have been improved, resulting in higher-fidelity reproduction. This illustrates
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the superiority of our MA-R in correcting both deficiencies and excesses in the model, thus
enhancing overall accuracy.

A: Before MA-R B: After MA-R

A: Before MA-R B: After MA-R C: Ground Truth

Figure 4. Qualitative demonstration of MA-R performance: Panel A shows the 3D volume before the
application of MA-R, Panel B presents the 3D volume after MA-R processing, and Panel C represents
the ground truth. The red and yellow boxes highlight areas that were erroneously reproduced in the
single head model but have been correctly removed after MA-R, while the blue box indicates a region
that was initially missing and has been adequately filled in after MA-R refinement.

In Figure 5, we compare our final MA-R output result with the ground truth meshes
and the results from Pix2Vox++. In the case of a chair (as shown in the fourth row of the
table), unlike the results from Pix2Vox++, we did not meet the problem of having holes in
the middle of the object. In additional comparison examples, it is clear that our outputs
demonstrate a higher fidelity to the ground truth mesh compared to the outputs obtained
from Pix2Vox++.

Input image GT mesh Our mesh Pix2Vox mesh

Figure 5. Cont.
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i
|

Figure 5. Ground truth meshes and reconstruction results of our model and Pix2Vox++ for various
objects: Arranged from top to bottom are the results for bench, cabinet, car, chair, monitor, rifle, sofa,
and table.

5. Conclusions

The MA-R method has demonstrated significant improvements in boundary predic-
tion and overall reconstruction accuracy for 3D reconstruction. This is supported by the
results in Tables 1 and 2, where our method outperforms the baseline approaches in terms
of both IoU and F-Score across multiple view settings. Specifically, at 20 views, our method
achieves an IoU score of 0.730 and an F-Score of 0.483, compared to Pix2Vox++’s 0.719 and
0.462, respectively. However, the increased computational complexity of the multi-head
attention mechanism, particularly when applied to high-resolution 3D volumes, remains a
limitation. This complexity can lead to longer processing times and higher memory con-
sumption, potentially limiting the method’s scalability for real-time applications or with
very large datasets. Future research will focus on refining the refiner module, experiment-
ing with larger volumetric data beyond the current 32 x 32 x 32 resolution, and exploring
more efficient data representations, such as tri-planes, to achieve a better performance with
reduced computational costs.
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Table 1. Quantitative results of multi-view 3D object reconstruction on ShapeNet at 323 resolution,
with mean IoU for all categories.

12 16 20
Views Views Views

3D-R2N2 0.560 0.603 0.617 0.625 0.634 0.635 0.636 0.636 0.636

Methods 1 View 2 Views 3 Views 4 Views 5 Views 8 Views

AttSets 0.642 0.663 0.670 0.675 0.677 0.685 0.688 0.692 0.693
Pix2Vox++  0.670 0.695 0.704 0.708 0.711 0.715 0.717 0.718 0.719
Ours 0.636 0.681 0.699 0.708 0.713 0.721 0.726 0.729 0.730

Table 2. Quantitative results of multi-view 3D object reconstruction on ShapeNet at 323 resolution,
with mean F-Score for all categories. Bold values indicate the highest performance in each category.

Methods 1 View 2 Views 3 Views 4 Views 5 Views 8 Views .12 .16 .20
Views Views Views

3D-R2N2 0.351 0.368 0.372 0.378 0.382 0.383 0.382 0.382 0.383

AttSets 0.395 0.418 0.426 0.430 0.432 0.444 0.445 0.447 0.448
Pix2Vox++  0.436 0.452 0.455 0.457 0.458 0.459 0.460 0.461 0.462
Ours 0.360 0.414 0.438 0.450 0.458 0.470 0.477 0.480 0.483

Despite these challenges, the MA-R method holds great promise for advancing the
field of 3D reproduction. It effectively addresses persistent issues in multi-view 3D re-
construction, particularly the challenge of maintaining high fidelity at object boundaries.
Future research will also focus on improving the performance of the method when applied
to larger and more complex 3D volumes, ensuring that the method scales effectively for
more detailed reconstructions. By integrating MA-R with emerging techniques such as neu-
ral rendering or photogrammetry-based approaches, we can further enhance its capability
to handle complex geometries and large-scale environments.

Additionally, refining the balance between noise suppression and detail preservation
remains an important area of exploration. While MA-R has shown encouraging results,
more sophisticated approaches to identifying and preserving fine details, while minimizing
noise, could lead to even more accurate 3D reconstruction. As 3D reconstructions continue
to evolve, improving scalability and fidelity for larger, more intricate reconstructions will
be key for developing robust, high-performance solutions.
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Abstract: Reconstructing 3D indoor scenes from 2D images has always been an important task in
computer vision and graphics applications. For indoor scenes, traditional 3D reconstruction methods
have problems such as missing surface details, poor reconstruction of large plane textures and uneven
illumination areas, and many wrongly reconstructed floating debris noises in the reconstructed
models. This paper proposes a 3D reconstruction method for indoor scenes that combines neural
radiation field (NeRFs) and signed distance function (SDF) implicit expressions. The volume density
of the NeRF is used to provide geometric information for the SDF field, and the learning of geometric
shapes and surfaces is strengthened by adding an adaptive normal prior optimization learning
process. It not only preserves the high-quality geometric information of the NeRF, but also uses the
SDF to generate an explicit mesh with a smooth surface, significantly improving the reconstruction
quality of large plane textures and uneven illumination areas in indoor scenes. At the same time,
a new regularization term is designed to constrain the weight distribution, making it an ideal
unimodal compact distribution, thereby alleviating the problem of uneven density distribution and
achieving the effect of floating debris removal in the final model. Experiments show that the 3D
reconstruction effect of this paper on ScanNet, Hypersim, and Replica datasets outperforms the
state-of-the-art methods.

Keywords: 3D reconstruction; indoor scene; neural radiance fields; signed distance function; normal
prior; mesh

1. Introduction

The goal of 3D reconstruction of indoor scenes is to reconstruct and restore an accurate
scene model from 2D images of indoor scenes from multiple angles to reflect the geometry,
structure, and appearance characteristics of the actual scene [1]. This process can obtain
an explicit 3D model observed from any perspective. This task has been a hot topic
and an important task in computer vision and graphics research in recent years, and has
broad application prospects in house interior restoration, interior design, virtual reality,
augmented reality, indoor navigation, etc. [2].

Unlike object-level reconstruction, indoor environments usually include large and
small objects, different materials, and complex spatial layouts, which puts higher demands
on feature extraction and scene understanding. Indoor lighting conditions are also complex
and changeable, and may include natural light, artificial light, and shadow areas. These
factors will affect the quality of the reconstructed model and the difficulty of reconstruction.
In addition, occlusion between objects is more common in indoor scenes, which makes it
more difficult to obtain complete scene information from a limited perspective. Existing
methods often have poor effects on uneven lighting (as shown in Figure 1a) and partial
planar texture processing (as shown in Figure 1b). There are many floating debris noises
in the air of the reconstructed indoor 3D model (as shown in Figure 1c). The recently
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proposed neural radiance fields reconstruction method can achieve good results, but the
computation is large, and it cannot directly obtain a 3D mesh model. We strengthen
surface learning by adding normal priors and use an SDF, a compact and continuous
multi-layer perceptron (MLP), to parameterize the representation of the implicit model,
and finally obtain a high-quality 3D mesh model. In summary, this paper has the following
main contributions:

(1) It proposes a new indoor 3D reconstruction method that combines NeRF and SDF
scene expression, which not only preserves the high-quality geometric information of
the NeRF, but also uses the SDF to generate an explicit mesh with a smooth surface.

(2) By adding adaptive normal priors to provide globally consistent geometric constraints,
the reconstruction quality of planar texture areas and details is significantly improved.

(3) By introducing a new regularization term, the problem of uneven distribution of
NeRF density is alleviated, and the effect of removing floating debris is achieved
in the final generated model, which improves the look and feel of the visualization
results.

Figure 1. (a) Distortion of reconstructed 3D models under uneven lighting conditions enclosed by
the red dashed box; (b) distortion of 3D reconstruction of smooth planar texture areas enclosed by
the red dashed box; (c) floating debris noise in red box in 3D reconstruction.

2. Related Works
2.1. Three-Dimensional Reconstruction of Based on Visual SLAM

Simultaneous Localization and Mapping (SLAM) refers to the process of a moving
object carrying a sensor to locate itself during movement and to synchronously map the
surrounding environment in an appropriate manner. In 2016, Google open-sourced an
indoor SLAM library called Cartographer [3], which is still being updated. Its main ap-
plication area is indoor reconstruction, providing functions such as positioning, mapping,
and loop detection. LOAM [4] is a SLAM algorithm based on a 3D laser sensor. Compared
with Cartographer, it can solve indoor and outdoor problems, but it does not have loop
detection. Later, based on LOAM, researchers proposed LeGOLOAM [5], a new algorithm
derived from the LOAM framework. By introducing a global map and loop detection
module, the positioning accuracy and robustness are improved, and at the same time, the
entire algorithm is made more lightweight. The advantage of the SLAM system is its fast
reconstruction speed. With the improvement of the robustness and accuracy of its algo-
rithm, it makes real-time 3D reconstruction possible. However, due to the need for sensor
participation, the reconstruction cost is high, and the process is relatively complicated.
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2.2. Three-Dimensional Reconstruction Based on TSDF

The main idea of the 3D reconstruction method based on regression to a truncated
signed distance function (TSDF) is to create a voxel grid, initialize the maximum truncated
signed distance value for each voxel, fuse the depth map into the voxel through the
TSDF [6], calculate the distance from each point to the center of each voxel in the voxel
grid, and update the TSDF value of the voxel if the distance is within the truncation range.
KinectFusion [7] uses the depth camera Kinect to scan and model indoor spaces and objects
in real time, and uses a TSDF to manage spatial information. This method improves the
efficiency of data processing and the accuracy of the reconstruction process. Atlas [8]
provides an end-to-end reconstruction pipeline, using a 2D CNN to extract features from
each image independently, and then using the intrinsic and extrinsic features of the camera
to back-project and accumulate into voxel volumes. After accumulation, a 3D CNN refines
the accumulated features and predicts the TSDF value. At the same time, the semantic
segmentation goal is added to the model to accurately mark the generated surface, which
improves the model’s ability to handle occlusion and large room scenes. In order to reduce
the computational burden, unlike Atlas, which processes the entire image sequence at once,
NeuralRecon [9] proposed a coarse-to-fine framework that uses a recursive network to
fuse features from previous fragments and reconstructs the entire scene by processing the
local surface of each fragment sequence, making progress on datasets with high occlusion
and scene complexity. However, due to its design idea of local estimation, TSDF-based 3D
reconstruction methods have difficulty obtaining global reconstruction with fine details.

2.3. Three-Dimensional Reconstruction Based on MVS

The traditional multi-view stereo (MVS) method first estimates the depth map of each
image based on multiple views, and then performs depth fusion to obtain the final recon-
struction result. These methods can reconstruct relatively accurate 3D shapes and have
been used in many downstream applications, such as new view synthesis. Schoenberger
proposed a new general image 3D reconstruction method, which uses scale-invariant fea-
ture transform (SIFT) features and the Fast Library for Approximate Nearest Neighbors
(FLANN) matching algorithm to improve the accuracy and efficiency of Structure from
Motion (SFM), and open-sourced the project as COLMAP 3.10 [10] software for enthusiasts
to use, which can perform dense point cloud reconstruction and surface reconstruction.
Based on this, they further proposed the Pixelwise View Selection [11] method, which
improved the poor reconstruction effect and efficiency caused by the previous input image
specifications (such as different input image sizes, different lighting, etc.). This method
regards the view selection problem as a binary classification problem, selects the best view
for each pixel, and thus can use the information of all perspectives for better stereo match-
ing. However, these methods perform poorly in large planar texture areas or areas with
sparse textures because their optimization is highly dependent on the photometric process.
In indoor scenes with planar texture areas, the inherent uniformity makes photometry
ineffective, making it difficult to accurately estimate depth [12].

With the development of deep learning, learning-based MVS methods [13-15] have
shown good performance in recent years. Mvsnet [16] uses convolutional neural networks
to predict depth maps, integrates image information from multiple perspectives into a
unified 3D space, and implements depth estimation by constructing a 3D matching cost-
volume, which significantly improves the accuracy of depth estimation. Fast-Mvsnet [17]
improves on Mvsnet by adopting a more efficient network structure and optimizing the
depth map prediction process. By simplifying the representation of cost volume and
adopting a lighter network architecture, the processing speed is improved, and the memory
consumption is reduced. DeepV2D [18] combines the temporal information of video frames
with visual depth estimation and adopts a two-stage network architecture. It first performs
motion estimation on the video sequence, and then combines motion information and
visual features to predict the depth map of each frame, further improving the quality
of depth prediction. DeepMVS [19] uses a deep neural network to preprocess the input
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image, extract features, and predict the depth information of each pixel. It introduces a
novel image warping and synthesis step to improve the consistency between views. UCS-
Net [20] constructs the cost volume in a coarse-to-fine hierarchical manner to obtain higher
resolution depth estimation. Although the MVS method based on deep learning has made
great progress, it still faces some problems. Since the depth map is estimated separately for
each view, there are often some geometric inconsistencies and scale ambiguities, resulting
in holes and noise on the surface of the reconstructed result [21]. When encountering
areas with relatively scarce textures, these models find it difficult to accurately predict
depth information.

2.4. Three-Dimensional Reconstruction Based on Implicit Neural Networks

Coordinate-based implicit neural networks, which encode a field by regressing 3D
coordinates to output values via an MLP, have become a popular approach for representing
scenes due to their compactness and flexibility. The Dist [22] model proposed a method
to learn 3D shapes from 2D images. IDR [23] models rely on view appearance and can be
applied to non-Lambertian surface reconstruction. However, they require mask information
to obtain reconstructions. NeRFs encode scene geometry via volume density and are
suitable for the task of novel view synthesis for volume rendering. However, due to the
lack of surface constraints, volume density cannot represent high-fidelity surfaces. Inspired
by neural radiance fields, Neus [24] and VoISDF [25] attached volume rendering techniques
to IDR and eliminated the need for mask information. Although these methods achieve
stunning reconstruction results in small-scale, texture-rich scenes, they often perform poorly
in large-scale indoor scenes with planar texture areas. Mip-NeRF360 [26] improves upon the
original NeRF’s problems of unbalanced details and proportions at near and far distances,
as well as the limited nature of synthesized scenes, and can render unbounded scenes
more realistically. To address the slow convergence of the original NeRF training process,
NSVF [27] uses a sparse voxel octree to assist in spatial modeling, achieving significant
improvements in training time. The traditional NeRF requires input from multiple views
to estimate volume representations. If multi-view data are insufficient, the generated scene
can easily collapse into a plane. To address this problem, Google researchers proposed
LOLNEeREF [28], which can train a NeRF model from a single viewpoint for the same
type of object, without adversarial supervision, thereby enabling a single 2D image to
generate a 3D model. All of the above are advances made by NeRFs in synthesizing
new viewpoints. In recent years, researchers have gradually shifted their focus to using
NeRFs for 3D reconstruction. Guy [29] et al. applied a NeRF to facial reconstruction,
achieving the generation of high-quality 3D facial models from a single RGB image. By
introducing the time dimension, this method can model and reconstruct the dynamic
changes in facial shape and expression. However, all of the above NeRF studies are limited
to object-level reconstruction. When the reconstructed objects are expanded to indoor
scenes, the generated 3D models often contain a lot of noise and topological errors.

3. Methodology

This paper proposes a method for indoor scene 3D reconstruction that combines NeRF
and SDF implicit expression. The volume density of the NeRF is used to provide geometric
information for the SDF field, and the learning process is optimized by adding normal
priors to strengthen the learning of geometric shapes and surfaces. The overall framework
of the method proposed in this paper is shown in Figure 2. Multiple 2D images of indoor
scenes are used as input, and the explicit 3D model mesh of the corresponding scene is
output. This method mainly includes the following three modules:

1. Normal estimation module: This module uses a spatial rectifier-based method to
generate the corresponding normal map for a single RGB image, and prepares data
for the prior part of neural implicit reconstruction.

2. NeRF module: The appearance decomposition and feature processing of the scene
image are performed through the neural radiant field, and the volume density and
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color are obtained. The image under the corresponding perspective is obtained by
volume rendering, and the MLP parameters are optimized inversely with the input
image loss.

3. SDF field module: The purpose of this module is to learn a high-quality SDF from
the network, and at the same time, strengthen the network’s understanding of the
geometric structure through the normal prior. The implicit-3D-expression SDF is
converted into an explicit triangular mesh through the Marching Cubes algorithm.

L

= \(]P B —— I'gb,O'

NeRF \
O N cometric NS Marching Cube il
riors
. |
input view Normal estimation SDF field output 3D model mesh

Figure 2. Overall framework of the method.

3.1. Optimization of Indoor 3D Reconstruction Based on Adaptive Normal Prior

A normal map is an important type of image, which represents the surface normal
direction of each pixel in the image through the color of the pixel. In 3D graphics and
computer vision, the normal is a vector perpendicular to the surface of an object, which can
be used to describe the direction and shape of the surface. In the normal map, RGB color
channels are generally used to represent the X, Y, and Z components of the normal vector,
respectively. Normal information helps to correct errors in the reconstruction process and
improve the reconstruction quality.

Currently, many monocular normal estimation methods have achieved high accuracy
under a clear image input. However, considering that indoor scene images often have small
blur and tilt, this paper selects TiltedSN [30] as the normal estimation module. Because
the estimated normal map is usually over-smoothed, there are problems of inaccurate
estimation on some fine structures, such as the chair legs in Figure 3a. Therefore, we adopt
an adaptive method to use normal priors, using a mechanism based on the consistency of
multiple views of the input image to evaluate the reliability of the normal prior. As shown
in Figure 3b, this process is also called geometric checking. For areas that do not meet the
consistency of multiple images, the normal prior is not applied. Instead, the appearance
information is used for optimization to avoid the negative effects of incorrect normal maps
that lead to misjudgment in reconstruction.

Given a reference image I;, evaluate the consistency of the surface observed from pixel
q. Define a local 3D plane {p|pTn = dv’n} inthe camera space associated with g, where v
is the viewing direction, d is the distance to pixel 4, and # is the normal estimate. Next, find
a set of adjacent images, assuming that one of the adjacent images is I;. The homography
change from I; to I; can be calculated by the following formula:

T
_ L (ti—t)n -1

where {K,, Ry, t.} is the intrinsic parameter matrix, the rotation and translation camera
parameters. For pixel g in I;, find a square block P centered on it as the neighborhood,
and warp the block to its adjacent view I; using the calculated homography matrix. The
block matching method (patchmatch) can be used to find similar image blocks on adjacent
views, and the normalized cross-correlation (NCC) method is used to evaluate the visual
consistency of (1, d). NCC is a method for measuring the similarity between two images. It
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evaluates the similarity between the two images by calculating the degree of correlation
between them. Compared with simple cross-correlation, normalized cross-correlation
is insensitive to changes in brightness and contrast, so it is more reliable in practical
applications. The applied NCC formula is as follows:

o Taer Ii(9)[;(Hua(q))
V/Zaer 10 Tyep [ (Hua(9)?

NCC;(P,n @)

where f*(q) = I.(q) — L.(g), I;(g) and Ij(q) represent two image regions to be compared,
1.(q) is the average value of .(q), [.(q) is the difference between them; the numerator
calculates the sum of the products of the differences between the two image blocks, and
the denominator calculates the square root of the product of the sum of the squares of
the differences between the two image blocks. This process ensures the normalization
of the results, making the NCC range within (-1, 1). The closer the NCC value is to 1,
the more similar the two image regions are; the closer the NCC value is to —1, the less
similar they are; the closer the NCC value is to 0, the less obvious linear relationship there
is between them.

| B
—_—————— =

(b)

Figure 3. (a) The normal estimation is inaccurate in some fine structures enclosed by red dashed box,

such as chair legs, based on TiltedSN normal estimation module; (b) we use an adaptive normal prior
method to derive accurate normals based on the consistency of adjacent images. In the red dashed
box, the fine structures are accurately reconstructed.

If the reconstructed geometry is not accurate at the sampling pixel, it cannot meet
the multi-view photometric consistency, which means that its related normal prior cannot
provide help for the overall reconstruction. Therefore, a threshold € is set, and by comparing
the NCC at the sampling block with ¢, the following indicator function can be used to
adaptively determine the training weight of the normal prior.

(1 ifY;NCCi(P,7) > e
Q‘?(”){o ifzj-Nccj-(P,ﬁ)<e ®)

The normal prior is used for supervision only when Q, (1) = 1. If Q4(7) = 0, the

normal prior of the region is considered unreliable and will not be used in subsequent
optimization processes.
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3.2. Neural Implicit Reconstruction

Since the NeRF cannot express the surface of the object well, we are looking for a new
implicit expression. The SDF can represent the surface information of objects and scenes
and achieve better surface reconstruction. Therefore, we choose the SDF as the implicit
scene representation.

3.2.1. Scene Representation

We represent the scene geometry as an SDE. An SDF is a continuous function f that,
for a given 3D point, returns the distance from that point to the nearest surface:

iR SR xs=f(x) 4)

Here, x represents a 3D point and s is the corresponding SDF value, thus completing
the mapping from a 3D point to a signed distance. We define the surface S as the zero-level
set of the SDF, expressed as follows:

§ = {x[f(x) =0} ®)

By using the Marching Cubes algorithm on the zero horizontal plane of the SDE, that is,
the surface of the object or scene, we can obtain a 3D mesh with a relatively smooth surface.
Using the SDF to get the mesh has the following advantages:

(1) Clear surface definition: The SDF provides the distance to the nearest surface for each
spatial point, where the surface is defined as the location where the SDF value is zero.
This representation is well suited for extracting clear and precise surfaces, making the
conversion from SDF to mesh relatively direct and efficient.

(2) Geometric accuracy: The SDF can accurately represent sharp edges and complex
topological structures, which can be maintained when converted to meshes, thereby
generating high-quality 3D models.

(3) Optimization-friendly: The information provided by the SDF can be directly used
to perform geometry optimization and mesh smoothing operations, which helps to
further improve the quality of the model when generating the mesh.

3.2.2. Implicit Indoor 3D Reconstruction Based on Normal Prior

The reconstruction process based on the normal prior is shown in Figure 4. The input
mainly consists of three parts.

true normal map < estimated normal map

normal geometry,
priior
Marching Cubes

(x,y,2,8,0)—> MV —» SOF —————3 mesh

t

NeRF—3 @

Figure 4. Neural implicit reconstruction process.

The first part is a five-dimensional vector representing the information of the sampling
point (x,y,z,6,¢). The second part is the volume density we obtained previously through
the NeRF o. Given that we use the SDF as a surface expression, the volume density obtained
by the NeRF can represent more comprehensive scene geometry information. Because the
scene contains multiple objects and air, it is difficult to represent a complex scene only
through surface information. Traditional SDF-based methods are often limited to object
reconstruction. The constraints of NeRF volume density combined with SDF reconstruction
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can reconstruct richer scene geometry. The third part is the normal geometry prior. The
normal map here is obtained by the monocular normal estimation method mentioned
earlier. The normal map provides the orientation information of the object surface, which
is conducive to enhancing detail reconstruction.

The network used here is an improved NeRF, which also contains 2 MLPs. Like the
NeREF, there is a color network, f., and the other grid has become an SDF network, fy »
which can get the SDF value of the point through the 3D coordinates of the point.

Here, we will use volume rendering technology to get the predicted image, and
optimize it with the input real image through the loss function. Specifically, for each pixel,
we sample a set of points along the corresponding emission light, denoted as p; = o + d;v,
where p; is the sampling point, o is the camera center, and v is the direction of the light.
The color value can be accumulated by the following volume rendering formula.

¢ = Z?:l T;aic(p;, ) (6)

where T; = H;;% (1 — oc]-) is the cumulative transmittance, i.e., the probability that with no

object occlusion, ¢ is the color value, a; = 1 — exp (— /, t?“ p(t)dt) is the discrete opacity,

and p(t) is the opacity corresponding to the volume density ¢ in the original NeRE. Since the
rendering process is fully differentiable, we learn the weights of f. and fg, by minimizing
the difference between the rendering result and the reference image.

In addition to generating the appearance, the above volume rendering scheme can
also obtain the normal vector. We can approximate the surface normal observed from a
viewpoint by volume accumulation along this ray:

= Z?:l Tiaini (7)

where n; = V f(p;) is the gradient at point p;.

At this time, we compare the true normal map obtained by the monocular method
with the estimated normal map obtained by the volume rendering process, and further
optimize the parameters of the MLP by calculating the loss to obtain a more accurate
normal map and geometric structure.

3.3. Floating Debris Removal

The NeRF initially acts on the generation of new perspectives on objects, maintaining
a high degree of clarity and realism. This is mainly due to volume rendering. However,
when the NeRF is used for 3D reconstruction, some floating debris in the air often appears.
This floating debris refers to small disconnected areas in the volume space and translucent
substances floating in the air. In view synthesis work, this floating debris is often not easy
to detect. However, if an explicit 3D model needs to be generated, this floating debris will
seriously affect the quality and appearance of the 3D model. Therefore, it is very necessary
to remove the floating debris in these incorrectly reconstructed places.

This floating debris often does not appear in object reconstruction. However, in scene-
level reconstruction, due to the significant increase in environmental complexity and the
lack of relevant constraints on the NeRF, there is a phenomenon of inaccurate local area
density prediction. Therefore, this paper proposes a new regularization term to constrain
the weight distribution of the NeRF.

First, simulate the sampling process of the NeRF. In a scene, assume that there are only
rigid objects, excluding the existence of translucent objects. After a ray is shot out, there will
be countless sampling points on this ray. The weight value of the sampling point before the
ray encounters the object should be extremely low (close to 0). When the ray contacts the
rigid object, the weight value here should soar, much higher than other values. After the
object, the weight value returns to a lower range. This is the desired weight distribution in
an ideal state, which is a relatively compact unimodal distribution. This method defines a
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regularization term, which is a step function defined by a set of standardized ray distances
s and the weight w after parameterizing each ray:

L (5,0) = [[_ s (w)w, (o) u - 0ldudty ®)

Here, u and v refer to points on the sampling ray, that is, points on the x-axis in the
weight distribution diagram, |u — v| is the distance between the two points, and ws (1)
and w;(v) are the weight values at point u and point v, respectively. Since all particle
combinations from negative infinity to positive infinity need to be exhausted, integration is
performed in the front. If you want to make the loss function as small as possible, there are
mainly two situations:

(1) If the distance between point u and point v is relatively far, that is, the value of |u — v
is large, if you want to ensure that the value of L;s (s, w) is as small as possible, then
either ws (1) or ws(v) needs to be small and close to zero. That is, as shown in Figure 5,
(A, B), (B, D), (A, D), etc. all satisfy that |u — v| is large and the weight value of at
least one point is extremely small (close to zero);

(2) If the values of ws(u) and w;(v) are both large, if you want to ensure that the value
of Lyt (s, w) is as small as possible, then the value of |u# — v| needs to be small, that
is, the distance between points u and v is very close. As shown in Figure 5, only the
combination of (B, C) satisfies the condition that the values of w; (1) and w;(v) are
both large, and at this time, points # and v just meet the condition that the distance is
very close.

w(D)

O @e-e

Figure 5. Distribution diagram of distance and weight values between sampling points.

Therefore, through the analysis of the above two cases, it can be found that the
properties of the regularization term can constrain the density distribution to the ideal
single-peak distribution with the good central tendency proposed before. The purpose of
this regularization term is to minimize the sum of the normalized weighted absolute values
of all samples along the ray, and encourage each ray to be as compact as possible, which is
specifically reflected in the following steps:

1.  Minimize the width of each interval;
2. Bring the intervals that are far apart closer to each other;
3. Make the weight distribution more concentrated.

The regularization term above cannot be used directly for calculation because it is in
integral form. In order to facilitate calculation and use, it is discretized as the following:

Si+siy1  SitSi| 1

2
ij wiw; 5 5 + § Zi w; (Si+1 — S,‘)

Ldist (S/ w) ==

This discretized form also provides a more intuitive understanding of the behavior
represented by this regularization, where the first term minimizes the weighted distance
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between points in all intervals, and the second term minimizes the weighted size of each
individual interval.

3.4. Training and Loss Function

During the training phase, we sample a batch of pixels and adaptively minimize the
difference between the color and normal estimates and the true normal map. We sample
m pixels {gx} and their corresponding reference colors {I(gx)} and normals {N(gx)} in
each iteration. For each pixel, we sample n points in the world coordinate system along the
corresponding ray, and the total loss is defined as

L= /\ch + )\nLn + )\eLeik + )‘deist (9)

Among them, A, Ay, Ae, and Ay are the hyperparameters of color loss, normal loss,
Eikonal loss, and distortion loss, respectively.

Color loss, L, is used to measure the difference in color between the reconstructed
image and the real image:

1
L=, I 1(a0) — &(q) | (10)

In the training phase, a batch of pixels need to be sampled. Each iteration samples m
pixels {gx} and the corresponding reference color {I(gx)}, where ¢(gx) represents the pixel
color predicted by volume rendering.

The normal prior loss Lj is to render the reconstructed 3D mesh of the indoor scene
as a normal map, and compare it with the real normal map generated by the monocular
method to obtain a loss:

Ly =Y, || N(qx) — a(qe) [l1 -Qgy (A(qx)) (11)

where N(gqy) is the true normal information, and 7(gy) is the normal information predicted
by the gradient. (), (71(qx)) is an indicator function used to judge the accuracy of the normal
prior. Here, some data with inaccurate normal estimation are eliminated. The normal loss
is mainly calculated by cosine similarity, because the direction of the normal vector is more
important than its length. Cosine similarity is a good measure of the similarity of the two
vectors in direction.

The Eikonal loss L, [31] of the regularized SDF is

Leit = Lgex (| Vfo(x) 2 =1)° (12)

where X is a set of sampling points in the 3D space and the area near the surface, and x
represents one of the sampling points. The reason why the gradient V fy(x) needs to be
close to 1 is that the ideal SDF represents the shortest distance from the current point to the
surface, so the gradient direction is the direction in which the distance field change is the
steepest. Assuming that x moves toward the surface along this direction by Ad, the SDF
should also change by Ad. Therefore, in the ideal state, V fy(x) = dD(x) = AD(x)/Ax =
Ad/Ad =1, where D(x) is the original Eikonal equation. By introducing the Eikonal loss,
the properties of the SDF can be well constrained, thereby ensuring the smoothness and
continuity of the reconstructed surface.

4. Experimentation
4.1. Dataset

This paper conducts experimental analysis on the ScanNet [31], Hypersim [32], and
Replica [33] datasets, as shown in Table 1. The ScanNet dataset is the main dataset used
for indoor scene 3D reconstruction tasks. Our method selects 10 scenes from the ScanNet
dataset. For each scene, a set of equally spaced images (about 150-600 images) are sampled
from the corresponding video and the images are adjusted to a resolution of 640 x 480. In
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addition, a scene is selected from the Hypersim dataset and the Replica dataset to test the
generalization of this method in large-scale scenes. The results verify that this method has
good reconstruction effects on other datasets in addition to the large public dataset ScanNet.

Table 1. Selected datasets to test our method.

Dataset Scene Number Scenes Selected in This Paper
ScanNet 1500+ 10
Hypersim 461 10
Replica 18 10

4.2. Comparative Experiment

Five evaluation indicators are used: accuracy (Acc), completeness (Comp), precision
(Prec), recall (Recall), and F1 score (F-score).

Accuracy is an indicator to measure the degree of consistency between the recon-
structed mesh and the real scene mesh:

Acc = i — p* 13
cc meanpep<prp€1}}* lp—p |> (13)

where P represents the set of points in the reconstructed grid, P* is the set of points in the
grid of the real scene, p is a point in the set P, and p* is a point in the set P*. || p — p* ||
represents the Euclidean distance between P and P*. For each point p in P, find the point p*
in P* that is closest to it, calculate the distance between them, and average all the distances.

Completeness is used to measure the extent to which the reconstructed model covers
the original model or scene:

Comp = meany«cp+ (I;lellr} |l p—p* ||) (14)

This metric measures completeness by calculating the average distance from each
point in the true scene mesh P* to the nearest point in the reconstructed mesh P.

Precision is a measure of the proportion of the correctly reconstructed part of the
reconstructed model to the entire model. The calculation formula for precision is

Prec = i —p* . 1
rec meanpep<pr51€11r}* lp—pr*l< 005) (15)

For each point p in the reconstructed mesh P, find the point p* in the GT mesh P* that
is closest to it, calculate the distance between them, and compare it with the set threshold
0.05 to calculate the proportion less than 0.05.

Recall measures the proportion of points in the GT model that are covered and correctly
reconstructed by the reconstruction model:

Recall = mean ¢ p- (milr} lp—pr"l< 0.05) (16)
pe

For each point p* in the reconstructed mesh P*, find the point p in the GT mesh P that
is closest to it, calculate the distance between them, and compare it with the previously set
threshold of 0.05 to calculate the proportion less than 0.05.

The F1 score (F-score) is the harmonic mean of precision and recall, which can better
measure some unbalanced datasets and provide a more comprehensive evaluation of the

overall model: 2% P Recall
X Prec x Reca
. _ 17
score Prec + Recall 7
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The architecture of the MLP encoding the SDF in our method consists of eight hidden
layers of 256 channels. The training process and related parameters of the model are set
as follows: the number of iterations is set to 160,000, the learning rate is set to 4 x 1074,
the number of rays sampled in each batch of training (batchsize) is set to 1024, and each
ray contains 64 coarse sampling points and 64 fine sampling points. In the patchmatching
process, the patch size is set to 11 x 11, the step size is set to 2 for the block matching
process, and the NCC threshold € is 0.66. The weights of each loss function, A¢, A,, A, and
Ag, are set to 1.0, 1.0, 0.1, and 0.5, respectively.

As shown in Table 2, the method in this paper is significantly better than the state-of-
the art methods, and performs well in most indicators, far exceeding the traditional MVS
method and the TSDF-based reconstruction method.

Table 2. Quantitative comparison with other methods.

Method Acc | Comp | Prec T Recall 1 F-Score T
COLMAP [10] 0.047 0.235 0.711 0.441 0.537
Atlas [8] 0.211 0.070 0.500 0.659 0.564
NeuralRacon [11] 0.056 0.081 0.545 0.604 0.572
Neus [24] 0.179 0.208 0.313 0.275 0.291
VoISDF [25] 0.414 0.120 0.321 0.394 0.346
NeRF [34] 0.735 0.177 0.131 0.290 0.176
Manhattan-SDF [35] 0.072 0.068 0.621 0.586 0.602
MonoSDF [36] 0.035 0.048 0.799 0.681 0.733
12-SDF [37] 0.066 0.070 0.605 0.575 0.590
Ours 0.037 0.048 0.801 0.702 0.748

Bold text indicates the best results and the underlined text indicates the second best results. | indicates that the
smaller the value of this indicator, the better; T indicates that the larger the value of this indicator, the better.

Among the neural implicit reconstruction methods, Neus and VoISDF mainly focus
on object-level reconstruction, so they perform poorly on the ScanNet dataset; the first-
generation NeRF is mainly used for new perspective synthesis, and no algorithm for
extracting grids is proposed. Therefore, direct use of Marching Cubes to extract grids will
result in large-scale collapse. This article only draws on many modules of the NeRF, so it
is compared here; the I2-SDF method has good results in the synthetic dataset proposed
in this article, but it does not have generalization ability and does not work well on the
ScanNet dataset with more noise and motion blur.

MonoSDF and Manhattan-SDF are second only to this method in terms of quantitative
results. Manhattan-SDF is based on the Manhattan World hypothesis, which assumes that
the world is mainly composed of planes aligned with the coordinate axes. It is easily affected
by the complexity of indoor scenes. Strict reliance on planes aligned with the coordinate
axes for reconstruction may lead to missing or inaccurate details. Therefore, the overall
accuracy is lower than this method. MonoSDF has achieved good performance in various
indicators, especially accuracy. This is because MonoSDF weakens the reconstruction of
complex structures that are difficult to handle during the reconstruction process. Therefore,
the reconstructed part is highly overlapped with the scene itself, but some parts of the
reconstruction will be lost. Therefore, compared with other evaluation indicators, there is
some gap between its recall rate and this method, because the recall rate measures the ratio
of the real model that is reconstructed.

In addition to quantitative analysis, this chapter visualizes the reconstruction results
and makes qualitative comparisons with the most advanced MonoSDF and Manhattan-
SDEF. As shown in Figure 6a, compared with GT, this method fills some holes that were not
scanned at the time. Compared with Manhattan-SDF, this method has higher accuracy and
a smoother reconstruction effect on the surface of objects. Compared with MonoSDF, this
method has more accurate reconstruction in many structures (shown by the red dashed line).
The specific details in the red dashed box in Figure 6a are shown in Figure 6b. Manhattan-
SDF has low reconstruction accuracy. After zooming in on the detail image, larger triangular
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facets can be seen. From the visualization point of view, the details are far inferior to those
of this method. MonoSDF has better overall detail reconstruction—especially, the wall area
is relatively smooth—Dbut there are many missing objects. In the right picture of Figure 6b,
MonoSDF did not correctly reconstruct the lamp on the table, and only reconstructed a
small part of the outline of the objects placed on the bookshelf, while this method restored
these details of the real scene well. In the left picture of Figure 6b, MonoSDF and Manhattan-
SDF are largely missing chair legs and armrests, while the method in this paper restores
the chair structure in the real scene to a large extent.

Manhattan-
SDF

Ours

GT

(b)

Figure 6. Three-dimensional model reconstructed from scenes in the ScanNet dataset. (a) Comparison
of 3D models; (b) comparison of the specific details in the red dashed box.

4.3. Ablation Experiment
4.3.1. Normal Geometry Prior Ablation Experiment

This section will demonstrate the effectiveness of the adaptive normal prior scheme
added in this paper through quantitative and qualitative ablation experimental analysis.
There are three settings in this ablation experiment: (1) no normal prior is added, denoted as
w/o N; (2) anormal prior is added, but the adaptive scheme is not used, denoted as w/N,
w/o A; (3) the adaptive scheme is used with the normal prior, denoted as Ours. All settings
are tested on the ScanNet dataset, Hypersim dataset, and Replica dataset. The evaluation
indicators of each setting are shown in Table 3. It can be seen that the reconstruction quality
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can be significantly improved by adding the geometric prior, because it provides additional
geometric constraints and alleviates many ambiguity problems caused by the lack of
texture information in the original image. On this basis, the adaptive scheme can remove
the incorrectly estimated normal map and further improve the reconstruction quality.

Table 3. Normal geometry prior ablation experiment.

Method Acc | Comp | Prec 1 Recall T F-Score T
w/oN 0.183 0.152 0.286 0.290 0.284
w/N,w/0A 0.050 0.053 0.759 0.699 0.727
Ours 0.037 0.048 0.805 0.709 0.753

Bold text indicates the best results. | indicates that the smaller the value of this indicator, the better; 1 indicates
that the larger the value of this indicator, the better.

The following will verify the effectiveness of the adaptive normal prior module used
in this section through qualitative visualization results. This module provides a certain
improvement in the reconstruction of all indoor scenes, but the improvement in thin
structure areas and reflective areas is particularly obvious, so these two areas are selected as
visualization displays. As shown in Figure 7, a qualitative analysis of the chair leg structure
is performed. Figure 7a is the input RGB image, i.e., the reference image, and Figure 7b
is the model reconstructed without using the normal prior. The overall reconstruction
accuracy is not high, which is reflected in the fact that the reconstruction effect of the
surrounding floor and walls is not flat enough, and the surface of the chair is not smooth
enough. Figure 7c adds the normal prior, but does not use the adaptive scheme. Although
the reconstruction effect of the wall and chair surface is improved, the chair leg part is not
reconstructed due to the wrong normal estimation. Figure 7d is the method used in this
paper, that is, the adaptive scheme uses the normal prior, which not only greatly improves
the accuracy, but also completely reconstructs the thin structure areas such as the chair leg.

(a) (b) () (d)

Figure 7. Qualitive comparison for thin structure areas using ScanNet dataset: (a) reference image;

(b) model reconstructed without using normal prior; (¢) model reconstructed with normal prior and
without adaptive scheme; (d) model reconstructed with normal prior and adaptive scheme.

In addition to having a good visual improvement effect in thin structure areas, the
adaptive normal prior scheme is also effective in some areas due to lighting or specular
reflection. The image shown in Figure 8a is a reference image. The sunlight projected
from the window forms regular white light and shadows on the ground. These light and
shadows usually affect the reconstruction of the flatness of the entire ground because
the network will understand them as independent geometric structures. Figure 8b is a
model reconstructed without using the normal prior. A more obvious step structure is
reconstructed in the light and shadow area, which is not the result of correct reconstruction.
The reconstruction granularity in other areas is also obviously insufficient. Figure 8c adds
the normal prior but does not use the adaptive scheme. Since most of the normal priors
have weakened the erroneous impact of this area on the reconstruction, the erroneous
outline of this area is already vague and not as obvious as in Figure 8b. However, there
are also a few normal maps closer to the light and shadow area that estimate this area as a
geometric structure different from the floor. Therefore, after adding the adaptive scheme,
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these few normal estimates can be removed, and the reconstruction effect is as smooth as

the ground area, as shown in Figure 8d.
; | ~ : m

(a) (b) (©) (d)

Figure 8. Qualitive comparison for reflective areas using Hypersim dataset: (a) reference image;
(b) model reconstructed without using normal prior; (¢) model reconstructed with normal prior and
without adaptive scheme; (d) model reconstructed with normal prior and adaptive scheme.

Through the above quantitative and qualitative results, it is not difficult to find that
the normal prior can significantly improve the reconstruction effect and geometric details
in the indoor scene reconstruction task. The use of the adaptive normal prior can reduce
the erroneous reconstruction of many geometric structures and regions, and has a good
correction effect on thin structures and partially reflective areas, making the reconstruction
of these parts more robust and reasonable and close to the real scene, further proving the
effectiveness and usability of the adaptive normal prior module in this section.

4.3.2. Ablation Experiment of Distortion Loss Function

The effectiveness of the new regularization term, the distortion loss function, is pro-
posed in this paper through quantitative and qualitative ablation experimental analysis.
Since the distortion loss function L ;s is only applicable to scenes with floating debris, the
ablation experiment is also conducted on these scene datasets. There are two different set-
tings in this ablation experiment: (1) without adding the distortion loss function, denoted
as w/o Lgjs; (2) after adding the distortion loss function, denoted as Ours. By ablating it
in five scenes with floating debris noise in ScanNet, the quantitative indicators shown in
Table 4 can be obtained.

Table 4. Distortion loss function ablation experiment.

Method Acc | Comp | Prec T Recall 1 F-Score 1
w /0 Lyist 0.055 0.052 0.742 0.701 0.721
Ours 0.047 0.052 0.795 0.704 0.746

Bold text indicates the best results. | indicates that the smaller the value of this indicator, the better; 1 indicates
that the larger the value of this indicator, the better.

As can be seen from Table 4, Acc and Prec have been significantly improved, which
means that the distortion loss function removes some erroneous reconstruction parts
and achieves more accurate reconstruction, while Comp and Recall have not changed
much, because the method in this paper does not produce too many additional areas for
supplementary reconstruction.

Figure 9 shows a visual comparison of a scene with a large amount of floating debris.
There are is a large amount of incorrectly reconstructed floating debris in Figure 9a. After
adding the distortion loss function, most of this floating debris in Figure 9b is eliminated.

In addition, it also has a good removal effect on single floating debris areas in some
scenes. As shown in Figure 10, there are single floating debris areas in both scenes in
Figure 10a, which are successfully removed in Figure 10b.

The ablation experiment results on the distortion loss function show that, both qualita-
tively and quantitatively, the distortion loss function proposed in Chapter 3 of this paper
can effectively remove floating object noise in the 3D model and improve the overall quality
of the 3D model.
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(@) W/o Lgise (b) Ours

Figure 9. Visual comparison for a scene with a large amount of floating debris using the ScanNet
dataset; (a) reconstruction result without adding a distortion loss function; (b) reconstruction result
with a distortion loss function.

(@) W/o Laist (b) Ours

Figure 10. Visual comparison for a scene with single floating debris areas enclosed by red dashed
box using the ScanNet dataset; (a) reconstruction result without adding distortion loss function;
(b) reconstruction result with distortion loss function.

4.4. Limitations

The comparative experiment part illustrates that the proposed method has advantages
over the benchmark model in both quantitative indicators and visualization results, which
fully proves the superiority of the proposed method. The ablation experiment part proves
the effectiveness of each module of the proposed method. Nevertheless, the proposed
method still has some limitations in some specific scenarios.

For scenes with messy objects, the reconstruction effect of this method is not perfect.
This is because in the 3D reconstruction task of indoor scenes, the arrangement and com-
bination of objects will greatly affect the reconstruction process. As shown in Figure 11,
there are many irregularly shaped objects on the table in the input image, and they are
placed in overlapping and mutually occluding situations. For soft and transparent objects,
such as plastic bags, it is difficult to accurately estimate their surface details because their
appearance features are not easy to capture. Although this method can reconstruct its
general outline, it is difficult to judge that this is a plastic bag based on the outline. The

142



J. Imaging 2024, 10, 231

reconstruction of such soft and non-solid objects in the scene has always been a difficult
problem, and even the GT model obtained by scanning has not been able to restore this
part well.

Input image GT Ours

Figure 11. The limitations of this method in the 3D reconstruction of scenes with clutter, occlusion,
soft non-solid objects, and blurred images, using the ScanNet dataset.

In addition, the fuzziness of the input image is also crucial to the reconstruction result.
If the input image has a certain amount of camera blur, as shown in Figures 5-8, many de-
tails of the object will be lost in the image, and the loss of these details increases the difficulty
of reconstruction. This blur can also lead to inaccurate feature point detection, affecting the
feature extraction and feature matching process. This blur can also affect the reconstruction
of some areas with insufficient texture features, such as the dividing line and gap between
the drawers in Figure 11. Due to the image blur, the area is incorrectly reconstructed.

5. Conclusion and Future Work

Based on the implicit expression of the NeRF and SDE, this paper proposes an indoor
scene reconstruction method based on adaptive normal priors, and optimizes the geometric
learning process through adaptive normal priors. The method proposed in this paper can
significantly improve the reconstruction quality of large plane textures and uneven lighting
areas in indoor scenes, and can also remove floating debris in the reconstructed 3D model.
However, there are still some problems that need to be further optimized and improved in
the future:

1. When there are many objects and elements in the scene and they are irregular, this
method can only reconstruct the general outline, and the object category cannot be
directly determined by these outlines. At the same time, the reconstructed results at
the connections between objects and between objects and backgrounds are discon-
tinuous. One solution is to try to introduce more priors to allow the neural network
to obtain more useful information to accurately learn and understand the elements
in the scene. Another feasible solution is to find a way to distinguish between object
areas and non-object areas, and then learn them separately, which is conducive to
further capturing more complex details.

2. This method takes several hours to more than ten hours to train and optimize a
single indoor scene, which limits the application of this method in reconstruction
over a relatively large range and in real-time reconstruction. One possible solution
to improve training efficiency is to use hashed multi-resolution encoding to use a
smaller network without sacrificing quality, thereby significantly reducing the number
of floating-point and memory access operations, allowing the neural network to be
trained at a smaller computational cost while maintaining reconstruction quality,
greatly reducing training time.
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Abstract: A wireless capsule endoscope (WCE) is a medical device designed for the examination of
the human gastrointestinal (GI) tract. Three-dimensional models based on WCE images can assist in
diagnostics by effectively detecting pathology. These 3D models provide gastroenterologists with
improved visualization, particularly in areas of specific interest. However, the constraints of WCE,
such as lack of controllability, and requiring expensive equipment for operation, which is often
unavailable, pose significant challenges when it comes to conducting comprehensive experiments
aimed at evaluating the quality of 3D reconstruction from WCE images. In this paper, we employ
a single-image-based 3D reconstruction method on an artificial colon captured with an endoscope
that behaves like WCE. The shape from shading (SFS) algorithm can reconstruct the 3D shape
using a single image. Therefore, it has been employed to reconstruct the 3D shapes of the colon
images. The camera of the endoscope has also been subjected to comprehensive geometric and
radiometric calibration. Experiments are conducted on well-defined primitive objects to assess the
method’s robustness and accuracy. This evaluation involves comparing the reconstructed 3D shapes
of primitives with ground truth data, quantified through measurements of root-mean-square error
and maximum error. Afterward, the same methodology is applied to recover the geometry of the
colon. The results demonstrate that our approach is capable of reconstructing the geometry of the colon
captured with a camera with an unknown imaging pipeline and significant noise in the images. The
same procedure is applied on WCE images for the purpose of 3D reconstruction. Preliminary results are
subsequently generated to illustrate the applicability of our method for reconstructing 3D models from
WCE images.

Keywords: 3D reconstruction; image enhancement; endoscopy; medical imaging

1. Introduction

Wireless capsule endoscopy (WCE) was pioneered by Given Imaging in the year
2000 [1]. It offers numerous advantages over traditional endoscopic procedures. It is less
invasive, requires no sedation, and offers a painless and comfortable experience for patients.
It is used to visually inspect the entire gastrointestinal (GI) tract, from the esophagus to the
large intestine, using a small swallowable capsule equipped with a miniature camera. It
is used to diagnose inflammatory bowel disease, GI bleeding, and polyps [2]. Despite its
many advantages, WCE images also entail several challenges. These include issues related
to uneven and low illumination, low resolution, and noise [3]. Moreover, the lack of control
over the capsule’s movement within the GI tract restricts the thorough examination of areas
of particular interest.

Three-dimensionally (3D)-reconstructed models of WCE images can be effective for
conducting a comprehensive analysis of specific areas of interest. By employing 3D re-
construction algorithms, it becomes feasible to transform the 2D images captured by the
capsule camera into a 3D representation of the GI tract. Three-dimensional models along
with their images can allow gastroenterologists to visualize internal organs from differ-
ent angles and perspectives, aiding in the identification of abnormalities and facilitating
more precise planning for interventions and surgeries. Results in [4] have shown that
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gastroenterologists find 3D models useful to an extent that they sometimes prefer them
over original images.

Within the realm of computer vision, 3D reconstruction poses an intriguing challenge,
which requires the utilization of different techniques to image data [5]. Vision-based depth
estimation techniques can be classified into different categories. A range of techniques
for monocular image-based depth estimation have been developed, including texture
gradient analysis [6], image focus analysis [7], and photometric methods [8]. Other ap-
proaches leverage multiple images, relying on camera motion or variations in relative
camera positions [9]. The integration of 3D reconstruction techniques finds extensive
applications across diverse fields, spanning cultural heritage, robotics, medical diagnostics,
video surveillance, and more [10,11].

In numerous real-world applications, capturing multiple images of a scene or ob-
ject from various angles can be challenging. Consequently, single-image-based methods
prove effective and suitable in such situations. This is particularly evident in the case of
WCE, where the capsule relies on the natural peristaltic contractions to traverse through
the human GI tract. Given its low frame rate, it happens that the scene within the GI
tract is captured only once. In such circumstances, single-image-based 3D reconstruction
techniques are the only viable option.

Shape from shading (SFS) is a method that requires only one image for 3D reconstruc-
tion, and therefore, it is a potential candidate for WCE application. Horn and Brooks [12]
were among the first to recover the 3D shape of the surface using the SFS method. They
obtained surface gradients through an iterative approach relying on a nonlinear first-order
partial differential equation (PDE), establishing a relationship between 3D shape and in-
tensity variations within an image. By applying integrability constraints, Frankot and
Chellappa [13] demonstrated superior accuracy and efficiency in estimating the depth
variable compared with the approach by Horn and Brooks. Kimmel and Sathian [14]
employed the numerical scheme based on the fast marching method to recover depth,
yielding a numerically consistent, computationally optimal, and practically fast algorithm
for the classical SFS problem. Tankus et al. [15] remodeled the SFS method under the frame-
work of perspective projection, expanding its range of potential applications. Similarly;,
Wu et al. [16] also solved the SFS problem under perspective projection without assuming
the light source at the camera center, with a specific focus on medical endoscopy.

The method proposed by Wu et al. [16] closely aligns with the WCE setting, featur-
ing a near-light model with multiple light sources positioned around the camera center.
Consequently, we selected their method as a starting point for further experimentation.
The methodology follows a two-step process for shape reconstruction. Initially, it involves
deriving a reflectance function by considering the relative positions of the light sources,
camera, and surface reflectance properties. Following this, the error between the reflectance
function and image irradiance is minimized by formulating an image irradiance equation
(ITE). While a typical solution to IIE involves an L2 regularizer as a smoothness constraint,
we opted for anisotropic diffusion (AD) due to its superior accuracy compared with the
L2 regularizer [17].

WCE presents considerable challenges in the domain of 3D reconstruction due to
its inherent limitations. The device lacks controllability over its light settings, requiring
expensive equipment for operation, which is often unavailable. These practical constraints
pose significant challenges when attempting to conduct extensive experiments regarding
the assessment of 3D reconstruction quality for WCE images. To address these challenges,
we successfully conducted a comprehensive investigation on the 3D reconstruction of
synthetic colon images captured with a camera in a virtual environment [4]. In the fol-
lowing experiments, we initially employ images of an artificial colon captured under a
controlled environment using an industrial endoscope for the purpose of 3D reconstruction,
before transitioning to the analysis of images obtained from WCE. The imaging system of
the endoscope behaves like that of WCE, though it introduces significantly less lens distor-
tion. Moreover, it offers higher resolution than a typical WCE image, and the light strength
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can be manually controlled. The endoscope has six rectangular-shaped light-emitting
diodes (LEDs) surrounding the camera behind a protective glass covering. The known
dimensions of the artificial colon provide a reference for assessing the correctness of the
reconstructed 3D colon model.

This article utilizes a single-image-based method to reconstruct the 3D shape of the
artificial colon. The camera is corrected for lens distortion, and the light source intensity of
the endoscope has also been measured. The camera response function (CRF) is estimated to
convert the device’s output grayscale image to image irradiance. The method proposed by
Andersen et al. [18] is employed, which uses a single image of a ColorChecker to compute
the CRF of a camera with an unknown imaging pipeline. Wu et al. [16] assume an ideal
multiple-point light model in their PSFS approach. Given that the endoscope is equipped
with six light sources, it should closely align with the characteristics of the ideal six-point
light model. However, the endoscope light sources produce a different pattern due to their
rectangular shape and the presence of a glass covering, which can lead to scattering and
interference effects. Therefore, corrections are applied to the captured image to account for
this deviation. Thereafter, the near-light perspective SFS (PSFS) algorithm that integrates
AD as a smoothness constraint is applied to reconstruct the 3D shapes of the endoscopic
images. The PSFS algorithm utilizes grayscale images. Therefore, the albedo is simply
a reflection factor between 0 and 1. Initially, well-defined primitive objects are tested to
assess the method’s robustness and accuracy. Afterward, the same methodology is applied
to recover the geometry of the colon. The known dimensions of the artificial colon also
provide a reference for assessing the correctness of the reconstructed 3D colon model. In the
end, we present preliminary results of 3D reconstruction using PillCam images, illustrating
the potential applicability of our method across various endoscopic devices. The core
contributions of the paper are as follows:

e We present a comprehensive pipeline for step-by-step 3D reconstruction using an AD-
based PSFS algorithm, as demonstrated in Figure 1. This pipeline is generic and applica-
ble to any endoscopic device, provided that we have access to the required image data
for 3D reconstruction, as well as data for geometric and radiometric calibration.

e We utilized JPG images and opted for an endoscope where access to RAW image
data was unavailable, reflecting real-world scenarios where RAW data may not be
accessible. This choice underscores the practical applicability of our approach, as in
many real-world applications, access to RAW data is limited.

e We validated the AD-based PSFS method in real-world scenarios by conducting 3D
reconstruction on simple primitives and comparing the results with ground truth—a
practice seldom addressed in the literature. This rigorous validation process enhances
the credibility and reliability of our approach.

*  We present simple methods for estimating the spatial irradiance and light source
intensity of the endoscope, designed for scenarios where relying on multiple images for
radiometric calibration is not feasible. Further details on these methods are provided
in Section 2.4 of the article.

The rest of the article is organized as follows: Section 2 provides an overview of various
methodologies for 3D reconstruction, encompassing the PSFS model with anisotropic
diffusion, geometric and radiometric calibration of the endoscope, albedo measurement,
image rescaling, and denoising. Section 3 details the entire experimental setup, beginning
with the creation of ground truth models, followed by image capture, and concluding
with the reconstruction of 3D surfaces for primitives and an artificial colon. Additionally,
preliminary results for WCE images are presented. Lastly, Section 4 concludes the article.
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Figure 1. Comprehensive pipeline for 3D reconstruction using PSFS algorithm.

2. Methods Overview

This section covers various methods involved in 3D reconstruction using the PSFS
method with an output image from an endoscope. We begin by introducing the PSFS
method with AD (Section 2.1). Following that, we discuss the different calibration and
preprocessing steps necessary before inputting the image into the PSES algorithm. Initially,
geometric calibration of the endoscope is conducted by capturing images of a checkerboard
to correct distortion and determine camera intrinsic parameters, such as focal length
(Section 2.2). Subsequently, the captured endoscopic image intended for 3D reconstruction
undergoes radiometric calibration, involving the computation of CRF and spatial irradiance
(Section 2.4). The radiometrically corrected image is then rescaled (Section 2.5) and denoised
(Section 2.6). The comprehensive pipeline of the 3D reconstruction algorithm using the
PSFS method is illustrated in Figure 1.

2.1. PSFS Model

In this section, we cover the PSFS method, where six-point light sources are placed
around a camera and the camera is directed towards the negative z-axis, as shown in
Figure 2. Under perspective projection, the relationship between image coordinates (X, /)
and the camera coordinates (x, y,z) is given as follows:

~Z -z
X =X— ]/ == ]/*, (1)
f f
where f denotes the camera’s focal length. Assuming a diffuse surface, the reflected light
from the point P can be determined using Lambert’s cosine law and inverse square fall-off
law from multiple light sources as follows [16]:

oy - n(f?ZPQ)'li(f?Z)>
R(%,7,z,p,9) =1 Ll ), )
(5,2 p) = Lop ) ( PERTE

where [, represents the intensity of the light source(s), p denotes the albedo of the surface,
and p and g are the surface gradient components along the x and y directions, respectively.
Furthermore, 7;(%, J,z)? accounts for the inverse square fall-off distance from each point
light source, 1; is a unit vector aligned along the i’ light ray, and n refers to the surface unit
normal, which is computed as follows [12]:
2z 2z
n— ax’  dy’ 1] ‘ ®)
VE?+(E)2+1
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Figure 2. PSFS model with light source at the camera center O. (x, y, z) represents the camera coordinate
system, which is centered at O. The z-axis is the optical axis, pointing towards the image plane.

Given the distance from the camera center to a light source, we can explicitly write the
light source vector from the point P as follows:

f

where T is the distance from the camera center to a light source, 6; = 27ti/6 for i € [1,6].
The unit vector 1; can be expressed as 1; =1,/ || I; ||
According to Horn and Brooks [12], IIE can be written as follows:

I, = |Tcost; — X ,Tsin()i—g?—z , 4)

R(X,y,z,p,9) = (X)), (5)

where I(X, 1) is the image irradiance. Equation (5) is solved to determine the optimal depth
value z by minimizing the difference between I(X, ) and R(X, ¥, z, p,q). The optimization
equation is established for z, while the values of p and g are updated through the gradients
of the modified z [17]. The error E(z) is minimized as follows:

E(z) = Aei(z) + (1 = A)es(2), ©6)
where ¢; and e; represent irradiance error and smoothness constraint, respectively. A is a

weighting factor and controls the scaling between e; and es. e;(z) can be computed over the
image domain Q) C R? as follows:

e(z) = [ (I(E7) ~ RE5,7 p,0) 40 @)

es(z) is typically a L2 regularizer. However, we have employed AD as a smoothness
constraint because it not only enhances the accuracy of the depth map by suppressing noise
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but also demonstrates effectiveness in preserving structural details of the reconstructed
scene, outperforming the L2 regularizer [17,19].

AD is introduced as a smoothness constraint by first calculating a 2 x 2 structure
tensor (S; ;) based on the gradient of the depth z [20]. S; ; is given as [20] as follows:

0z 0z
ij = @a? (8)

Subsequently, we compute the corresponding eigenvalues (A1, A_) and eigenvectors
(64,06-) following a similar approach to [21]. Utilizing (A4, A_) and (65,6 ), the diffusion
tensor D is then derived as follows:

_ 9 ar 0P o7
D= S-0.07 + 566l )

In terms of (A4, A_), Lagrangian density i can be written as follows [22]:

ez) = [ 9(As,A-)d0, (10)

Equations (7) and (10) are combined in Equation (6) and can be formulated as follows:
E) = [ (MI=RP+ (1= A)p(As, A-))dC2 an

The solution to Equation (11) is given by Euler-Lagrange PDE:

A(I— R)%—I; +(1-A)V-(DVz) =0, (12)

which we numerically solve by gradient descent:

0z A JR
5 = V- (DVz) + 7(171{)&.

) (13)

Similar to [17], I(X, y) is utilized to derive the structure tensor. Through this single-step
computation of the structure tensor, the process becomes efficient, making the computation
task simpler and more linear.

2.2. Geometric Calibration

Geometric calibration is needed to estimate the camera’s intrinsic parameters as well as
its lens distortion. It has been observed that the endoscope exhibits minimal lens distortion
towards its periphery. However, the necessity arises to rectify this distortion for the sake of
precise depth estimation, as the SFS algorithm assumes a pinhole model.

For geometric calibration, we employed a standard checkerboard measuring 10 x 10 cm,
with each individual square on the board measuring 4 mm. The images are taken ata 10 cm
distance from the tip of the camera at different angles. The MATLAB camera calibration
toolbox is used for the geometric calibration of the endoscope [23]. The intrinsic param-
eters are computed using Heikkila’s method [24] with two extra distortion coefficients
corresponding to tangential distortion.

The MATLAB camera calibration toolbox basically requires between 10 and 20 images
of the checkerboard from different viewing angles. A total of 15 images of the checkerboard
are used in our case. An image of the checkerboard is shown in Figure 3a. The camera
model is set to standard, and radial distortion is set to 2 coefficients as it is observed that the
endoscope camera has little distortions towards the periphery. Figure 3b shows a sample
image of the colon corrected for lens distortion.
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(b)

Figure 3. Geometric calibration: (a) checkerboard and (b) geometric calibration.

It is important to mention here that the procedure is repeated three times with three dif-
ferent sets of checkerboard images to confirm the consistency in the results. The estimated
focal length is around 2.4 £ 0.1 mm for all three sets, and there is no skew observed.

2.3. Albedo Measurement

Albedo is the fraction of incident light that a surface reflects. It has a value between
0 and 1, where 0 corresponds to all the incident light being absorbed by the surface and
1 corresponds to a body that reflects all incident light. The primitives have diffused white
surfaces. Therefore, the albedo is assumed to be p = 1 for all the primitive objects.

The artificial colon consists of a soft rubber material with a nearly uniform pinkish
color. Therefore, it is necessary to measure the albedo of the surface. The albedo of the
colon is measured by taking the image of the colon and a diffuse spectralon tile placed side
by side. Both the spectralon and the colon are kept at an equal distance from the camera,
and an image is taken outside so that both surfaces have a uniform distribution of light, as
shown in Figure 4a. The albedo of the surface is measured by taking the ratio between the
colon and the spectralon pixel value at any given location. The estimated albedo value of
the artificial colon is p = 0.60.

.

%10

IS

Radiance power Wim?
N

300 400 500 600 700 800
wavelength (nm)

(o) (d)

Figure 4. Radiance intensity and albedo measurement: (a) albedo, (b) nonisotropic light, (c) uniform

light, and (d) radiance power.
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2.4. Radiometric Calibration

Radiometric calibration has been performed to measure the light intensity, CRF, and
spatial distribution of the light intensity on the image. The PSFES algorithm assumes a
pinhole model with ideal multiple-point light sources. Therefore, it is crucial to convert
from a grayscale image to image irradiance via CRF and correct for the anisotropy of the
light source [16], as discussed in Section 2.4.2. Sections 2.4.2 and 2.4.3 provide detailed
discussions on the CRF estimation and anisotropy correction, respectively. Measuring light
source intensity is also important, as it is a crucial parameter for computing the reflection
function given in Equation (2).

2.4.1. Light Source Intensity Measurement

The light intensity of the endoscope is measured by using a CS2000 spectroradiome-
ter [25]. An integrating sphere (IS) must be used to measure intensity because of the
nonisotropic behavior of the light source. The IS is a hollow spherical cavity with its
interior coated with diffused white reflective material. The aim of the integrating sphere
is to provide a stable and uniform illumination condition. An endoscope is placed inside
the IS, and radiance power P is measured over the visible spectrum. After measuring
the solid angle w of the endoscope light, I, is calculated as follows: I, = P/(47) X w.
The nonuniformity of the light source, the uniformity of the endoscope light inside the IS,
and spectra of the light are shown in Figure 4b—d, respectively.

2.4.2. Camera Response Function

CREF is essential to convert the device’s output grayscale image to image irradiance [16]:

- r oY)

I(x,9) MEG) (14)
where I(X,7) is the image irradiance, v(X, ) is the grayscale image, and r(-) is the CRF.
M(X,y) incorporates the deviation from the ideal point-light source assumed by PSFS.

The endoscope used in this work has an unknown imaging processing chain, and there
are no means of controlling the exposure time. This decision was intentional, reflecting
the common limitation among WCE devices available in the market, which generally do
not offer any control over the exposure time. By selecting an endoscope that mimics the
behavior of typical WCE devices, our approach demonstrates applicability to a broader
range of endoscopic devices.

Through experimental observations with the endoscope, it has been observed that the
camera performs automatic exposure adjustments. During the image capture process of
the SG ColorChecker [26], we have further noted the camera’s automatic color adjustment
and white balancing mechanisms in operation. It is worth noting that this is similar to the
functionality of a standard WCE. These complicating factors have compelled us to abstain
from methods that utilize multiple images for the estimation of the CRF.

The method by Andersen et al. [18] is applied to measure the CRF. The method
requires only a single image of a ColorChecker to estimate volumetric, spatial, and per-
channel nonlinearities. These nonlinearities involve compensating for both physical scene
and camera properties through a series of successive signal transformations, bridging
the gap between the estimated linear and recorded responses. The estimation process
relies on a novel principle of additivity, computed using the spectral reflectances of the
colored patches on the ColorChecker. The SG ColorChecker [26] is used to estimate the
CRF. An image of the ColorChecker from endoscope and camera response curves is shown
in Figure 5.
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Figure 5. Results of camera response function. (a) Image of SG chart captured with an endoscope and
used for estimating the CRF and the light distribution. (b) CRF in red channel. The red dotted line
represents the data point. The red line represents the nonlinear fit. The horizontal axis represents the
normalized image intensity, and the vertical axis represents the normalized image irradiance, the same
in (c,d). (c) The green dotted red line represents the data point. The green line represents the nonlinear
fit. (d) The blue dotted line represents the data point. The blue line represents the nonlinear fit.

2.4.3. Spatial Irradiance

The reflection model mentioned in the PSFS method is based on six-point light sources
and demands an ideal six-point light distribution in the image to correctly determine the
3D geometry. The endoscope light deviates from an ideal six-point light distribution model
due to the rectangular shape of the light sources and the scattering and interference effect
caused by the glass on top of the endoscope lens. An inclination in the light sources has
been detected, and also, due to the presence of six noncentral light sources, we observe a
deviation where the maximum intensity does not align precisely with the image center.
Therefore, it is important to quantify these additional effects and compensate for them
so that the resulting reflection model satisfies the conditions of six-point light sources.
According to [16],

o)}

Il-ll'

M%) = M(%9)- L. =5 (15)

I
—_

2

1

where the second term on the right side in Equation (15) represents the light distribution
from the six-point light sources.

An image of a white diffuse paper, considered as M(%,7) in our context, was cap-
tured and is displayed in Figure 6a. It is noticeable from the image that the endoscopic
lighting deviates from the ideal six-point light configuration, exhibiting an oval pattern
with an offset from the image center. The ideal six-point light distribution model is con-
structed by physically measuring the distance from the diffused paper to the tip of the
endoscope, as shown in Figure 6b. Finally, M(X, ) is recovered using Equation (15) and
then compensated for in the image. M(X, ) is shown in Figure 6c.
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(b) (o)

Figure 6. Correction of light distribution. The point where horizontal and vertical lines intersect
denotes the image center: (a) M(%, ), (b) Z?Zl “rzl‘ ,and (¢) M(%,7) = M(%,7)/ 21.6:1 “r'z]‘ .

@)

2.5. Unit Conversion

The parameters computed thus far are in physical units, leading to the estimation of R
in physical coordinates. To establish a consistency between I(X, ) and R, as outlined in
Equation (13), I(X, ) is transformed from pixel units to physical units. This conversion is
achieved as follows:

L(E7) = I[(X%,y) — min (X, y) X<Iopc059>, (16)

max [(X,y) — min (X, ) r2

where I, (X, ) denotes the physical value of the image irradiance. 6 is the angle between the
surface normal and the light ray at the point on the surface where illumination is maximized.
r is the distance from the light source to the point on the surface where illumination is
maximized. In the case of the primitives, the points are measured, whereas, in the case of
the colon, the estimation of the parameters r and 6 relies on factors such as the field of view
(FOV) of the camera, the total length of the colon, and the position of the camera within
the colon.

2.6. Image Denoising

In endoscope images, significant noise is observed, mainly due to JPEG compression
artifacts. These artifacts include blocky patterns and color distortions. A noisy image when
fed into the SFS algorithms can destabilize the differential equations due to inaccuracies
and ambiguities in shading information, which can lead to inaccuracies in the estimation of
surface normals and object shape.

In order to reduce the noise, the method by Xu et al. is utilized [27]. The method
essentially separates the visual information related to the surface texture of an object from
its underlying structural components within an image. We employ this method to remove
noise from the image while retaining its structural details. The method is based on the relative
total variation scheme, which captures the essential difference between texture and structure
by utilizing their different properties. Later, they employed an optimization method that
leverages novel variation measures, including inherent variation and relative total variation,
to identify significant structures while disregarding the underlying texture patterns.

2.7. Assessment Criteria

The reconstructed 3D shapes of the different primitives are compared with ground
truth models by measuring relative root-mean-square error (rryisg) and relative max-depth
error (r\ipg). These metrics are chosen to quantify depth errors with respect to a reference
depth, making the results easily interpretable. rrymsp quantifies the overall geometric
deformation present in the reconstructed 3D model, while r\pg highlights the maximum
deviation observed between the 3D-reconstructed model and the ground truth.
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rrvsk allows for the evaluation of geometric distortion in the 3D-reconstructed model.
A perfect 3D reconstruction is indicated by an error value of 0, whereas a highly distorted
3D reconstruction corresponds to a value of 1. rrysg is computed as follows:

1

dmax

n

TRMSE = \/111 Z; | D; —D; %, (17)

i=
where D, dmax, f), and n represent ground truth depth, maximum ground truth depth
point, depth of the recovered 3D shape, and total number of depth points considered for
error estimation, respectively.

rvpE indicates the relative maximum deviation between the estimated depth values
produced by a 3D reconstruction algorithm and the ground truth depth values. A low rypg
suggests that the majority of depth estimates are close to their ground truth counterparts,
indicating high accuracy in the 3D reconstruction. Conversely, a high r\pg implies signifi-
cant discrepancies between the estimated and ground truth depth values, indicating poorer
accuracy in some places in the reconstruction. rypg is computed as follows:

max | D; — Dj | . (18)

'MDE =
max
3. Experiments and Results
3.1. Ground Truth Models

The primary goal of performing depth estimation on simple primitives is to gauge the
accuracy and effectiveness of the PSFS method on endoscopic images. This evaluation was
conducted in the context of a camera system that contains an unknown imaging pipeline,
and where the captured images exhibit significant noise. This approach, involving the
reconstruction of fundamental geometric shapes and their subsequent comparison with
ground truth models, will prove effective in achieving the desired evaluation.

The experiments are conducted on geometric primitives with known dimensions,
including a sphere, a cube, and a pyramid. These primitives have a diffuse surface with
an albedo p =~ 1. Given that these primitives have well-defined geometry and known
dimensions, ground truth models of these three primitives are generated in MATLAB to
compare them with reconstructed surfaces.

3.2. Image Acquisition

The PSFS algorithm is subjected to comprehensive testing using a variety of images,
including synthetic colon images and different geometric primitives of known dimensions.
The images of the primitives are captured by placing a diffuse paper beneath them to
ensure a uniform albedo throughout the scene. A series of images capturing these different
primitives are presented in Figure 7.

(a) (b) (0)

Figure 7. Images of primitives captured with an endoscope: (a) sphere, (b) cube, and (c) pyramid.

Additionally, the images of the synthetic colon are acquired to assess the method’s
applicability for potential 3D reconstruction applications within the context of WCE. A syn-
thetic colon [28] is an artificial phantom of a colon without deformation and has a smooth
wall with a diameter and length of 0.028 m and 0.3 m, respectively. Therefore, a deformed
support [29] is used to hold this colon and produce deformations similar to a real colon.
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The colon is placed in its support, and one of the ends is closed with a clip. The endoscope
is inserted from the other end, and a series of images of the deformed colon are captured, as
shown in Figure 8. The endoscope used in the experiment is an Oiiwak WiFi endoscope [30],
which is an industrial endoscope that wirelessly transmits the acquired images or videos to
an android device via a software named MoView. Images of the colon, deformed support,
endoscope, and setup for capturing images of the artificial colon are shown in Figure 9.

(a) (b) (©)

Figure 8. Images of artificial colon captured with an endoscope: (a) ROI-1, (b) ROI-2, and (c) ROI-3.

Artificial colon

Oiiwak endoscope
Captured image
Colon support

Figure 9. Setup and equipment used for image acquisition of synthetic colon.

3.3. 3D Reconstruction

In the first step, the image captured with the endoscope is corrected for lens distortions.
Subsequently, the image undergoes correction by utilizing the CRF and addressing the
anisotropy of the six-point light using Equation (14). The image is then converted to
physical units using Equation (16). Thereafter, the image is denoised and then input into
the PSFS algorithm. A reflectance map is derived using Equation (2) with a flat surface as
initial depth z. Subsequently, the z’s are updated using Equation (13), where the gradients p
and g are computed as g—; and g—;, respectively. Notably, the parameter A assumes different
values in distinct cases and is determined empirically within our experimental setup.

In the case of primitives, the images are cropped to 500 x 500 pixels because we
are interested in recovering the shape of the primitives rather than the whole image.
The ground truth models of the primitives are shown in Figure 10, whereas the recovered
shape of all the primitives is shown in Figure 11. The reconstructed primitives are compared
with ground truth models by computing rryvsg and rypg using Equations (17) and (18),
respectively. We achieve rryisg at around 0.04 and ry\pg at around 0.10 with respect to
ground truth for different primitives, as shown in Table 1.
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(b)

Figure 10. Ground truth models of primitives. The axis represents the values in meters: (a) sphere,
(b) cube, and (c) pyramid.
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Figure 11. Recovered 3D primitives. The axis represents the values in meters: (a) sphere, (b) cube,
and (c) pyramid.

Table 1 indicates that the sphere exhibits higher errors compared with the pyramid
and the cube. This disparity can be attributed to the presence of an inclination in one of
the endoscope’s light sources. This manufacturing error poses a significant challenge in
accurately modeling the light distribution within our PSFS model. As the sphere covers a
larger part of the captured view, in comparison with the other shapes evaluated, the impact
of the inclination becomes more pronounced. Consequently, these factors collectively
contribute to greater errors in the case of the sphere model.

Table 1. Quantitative evaluation for primitives.

Primitives Cube Sphere Pyramid
TRMSE 0.0377 0.0465 0.0386
MDE 0.0828 0.1282 0.0956

Full-sized images are used for the reconstruction of the colon model. Color correction
is applied to the colon images since their original hue is somewhat pinkish, which appears
purplish due to the bluish nature of the endoscope’s lighting. The colon color depicted
in Figure 4a serves as the reference color. The difference in hue between the original and
the endoscope-captured image of the colon is identified using a chromaticity diagram.
Subsequently, the color of the synthetic colon was adjusted to align with its original shade.

The endoscope is equipped with LEDs, which behave similar to point light sources.
This behavior causes dim illumination in deeper regions of the captured images due to the
inverse square fall-off law. To address this problem, we have adopted the approach pro-
posed in [4] to enhance contrast, especially in images capturing larger depths. The method
involves illuminating the deeper regions by transitioning the lighting in the image from
point light to directional light. This transformation is achieved by utilizing surface nor-
mals derived from reconstructed 3D models. Following color correction and contrast
enhancement on the images of the artificial colon, a notable noise is observed due to the
inherent noise in the original images. To address this issue, the enhanced images are further
denoised. The enhanced images are converted into their luma and chroma components,
with a focus on addressing significant noise present in the luma component. Subsequently,
the luma of all the images is subjected to denoising using anisotropic diffusion. The dif-
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fusion tensor is derived like in Equation (9), after applying a Gaussian filter to the luma
component of the enhanced images, ensuring the preservation of edges in the resulting
denoised images. The final geometrically corrected enhanced images of the colon are
presented in Figure 12, and the subsequent 3D models, wrapped with enhanced images,
are illustrated in Figure 13.

A

(a) (b)
Figure 12. Color-corrected and directionally lit colon images: (a) ROI-1, (b) ROI-2, and (c) ROI-3.
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Figure 13. Recovered 3D colon models. The axis represents the values in meters: (a) ROI-1, (b) ROI-2,
and (c) ROI-3.

3.4. Discussion

The PSFS algorithm demonstrates robustness in handling noisy endoscope-captured
images. Initially, the method is tested on simple primitives to assess accuracy by comparing
the reconstructions with ground truth models. The results in Table 1 indicate a notable level
of accuracy, which, in turn, served as an indicator of the method’s potential for accurately
reconstructing the 3D geometry of the colon.

While reconstructing 3D shapes, the number of iterations in the PSFS algorithm
varies across experiments. We terminate the process when successive iterations show
no significant change in irradiance error ¢;(z) according to Equation (7). Throughout
the experimentation with the PSFS algorithm, ¢;(z) is continuously reduced, indicating,
as referenced in [17], an improvement in the quality of depth estimation.

The known dimensions of the artificial colon played a crucial role in assessing the
accuracy of the reconstructed 3D colon model during laboratory experimentation. As pre-
viously stated, the artificial colon has a diameter of 0.028 m, a value closely matched by
all the reconstructed colon models shown in Figure 13. Another significant advantage of
employing the endoscope is the extensive laboratory experiments that are challenging to
replicate with a WCE in a controlled environment, mainly due to the unavailability of high-
cost equipment required for WCE operation. However, after successfully reconstructing
the colon shapes using an endoscope that closely mimics the behavior of WCE, confidence
is established in the feasibility of applying the same procedure to reconstruct 3D shapes
from WCE images.

3.5. Preliminary Results of WCE

After experimenting with an endoscope, we subsequently test images of the GI system
captured with WCE. These images were acquired during clinical trials involving the
examinations of ten patients. The pilot study was conducted in collaboration between
Innlandet Hospital Trust and NTNU, Gjevik, Norway, in 2021, under the consultation of
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the professor and gastroenterologist QJistein Hovde. The capsule modality used in the
examinations was PillCam COLON 2.

Three distinct images from the colon region of the GI tract are selected, as illustrated
in Figure 14. We choose images without any artifacts or deficiencies to demonstrate the
applicability of our method on PillCam images. We apply a similar procedure as used with
the endoscope, with a notable difference in radiometric calibration due to unavailability
of the SG ColorChecker images captured with PillCam. The geometric calibration is
performed using images of a checkerboard acquired during the pilot study. For physical
unit conversion, » and 0 are empirically estimated by leveraging the optical properties
of WCE, such as effective visibility distance, as provided in the PillCam information
manual [31]. Due to the absence of radiometric results, certain assumptions are made for the
CRF and the spatial irradiance. It is assumed that the four light sources of PillCam COLON
2 are similar to an ideal four-point light distribution model. The conversion of image
intensity values to image irradiance utilizes standard sRGB curves. The mucosal texture
of the GI tract is removed using the method proposed by Xu et al. [27] to approximate a
uniform albedo throughout the scene. Finally, the PSFS method is employed to reconstruct
3D shapes of the PillCam images.

10 Jun 21 10 Jun 21 02:11:10 10 Jun 21
oP oP

1 [ &

PillCam®COLON2 PillCam®COLON2 PillCam®COLON2

Figure 14. Images of the human colon captured with PillCam COLON 2.

Image are cropped to a size of 275 x 275, as the MATLAB camera calibration toolbox
is unable to handle regions towards the periphery quite well. Cropped images utilized
for 3D reconstruction are shown in Figure 15, and the corresponding reconstructed 3D
models of all three images are shown in Figure 16. In Figure 17, the side view of all the 3D
models are shown, which clearly illustrates that our method successfully reconstructs a
significant portion of the structure, even in these preliminary results, despite the absence of
radiometric data from the PillCam camera.

(a) (b) (©

Figure 15. Geometrically corrected cropped images utilized for 3D reconstruction: (a) PC-1, (b) PC-2,
and (c) PC-3.
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Figure 16. Top view of the recovered 3D human GI regions. The axis represents the values in meters:
(a) PC-1, (b) PC-2, and (c) PC-3.
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Figure 17. Side view of the recovered 3D human GI regions. The axis represents the values in meters:
(a) PC-1, (b) PC-2, and (c) PC-3.

The 3D reconstruction results can be further enhanced by conducting radiometric
calibration on PillCam, as it is an important parameter to convert the device’s output
grayscale image to image irradiance, as per Equation (14). The geometric calibration
can be further improved by utilizing other methods that deal with fish-eye lenses [32].
Nevertheless, these preliminary results are quite convincing, demonstrating the capability
of our method to handle images with significant lens distortion, even in the absence of
radiometric calibration results and albedo values. Further investigation is encouraged
to enhance the accuracy of 3D models, as they are recognized as valuable tools during
diagnostic assessment in gastroenterology, as highlighted in [4].

4. Conclusions

This article investigates the possibility of reconstructing endoscopic images using
the PSFS algorithm employed with anisotropic diffusion. Images of simple primitives are
initially tested to evaluate the accuracy of the method on endoscopic images by comparing
the reconstructed geometries with ground truth models. Afterward, single images of the
endoscopes are used to reconstruct the colon surface. Results show that our systematic
approach can handle a camera with an unknown imaging pipeline and noisy images
and can accurately reconstruct the geometry of the colon.

Additionally, we have implemented a technique utilizing surface normals derived
from the 3D-reconstructed models to improve illumination and thereby enhance contrast
in images capturing larger depths. This is achieved by changing the illumination in such
images from point light to directional light. Various other techniques have also been
discussed for the geometric and radiometric calibration of an endoscope camera. This
calibration is essential for accurately reconstructing 3D shapes using the PSFS algorithm.
In the end, preliminary 3D reconstruction results using PillCam images are provided,
demonstrating the potential applicability of our method to different endoscopic devices.
In future works, efforts will be made to fully calibrate the PillCam COLON 2 camera to
further enhance the 3D reconstruction results.
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Abstract: In this paper, we propose a method to refine the depth maps obtained by Multi-View Stereo
(MVS) through iterative optimization of the Neural Radiance Field (NeRF). MVS accurately estimates
the depths on object surfaces, and NeRF accurately estimates the depths at object boundaries. The
key ideas of the proposed method are to combine MVS and NeRF to utilize the advantages of both in
depth map estimation and to use NeRF for depth map refinement. We also introduce a Huber loss
into the NeRF optimization to improve the accuracy of the depth map refinement, where the Huber
loss reduces the estimation error in the radiance fields by placing constraints on errors larger than a
threshold. Through a set of experiments using the Redwood-3dscan dataset and the DTU dataset,
which are public datasets consisting of multi-view images, we demonstrate the effectiveness of the
proposed method compared to conventional methods: COLMAP, NeRF, and DS-NeRF.

Keywords: multi-view stereo; neural radiance fields; depth map estimation; 3D reconstruction

1. Introduction

Multi-View Stereo (MVS) is a technique for acquiring 3D data from target objects or
scenes from multiple images captured by a camera [1-3]. Since MVS requires only camera
images, it is not restricted to the capturing environment, reduces the effort required for
capturing images, and can more easily acquire 3D data compared to active scanners.

MVS estimates depth maps from images taken from different viewpoints and inte-
grates them to reconstruct 3D data [2-7]. A depth map is an image in which the pixel
values represent the distance, i.e., the depth, from the camera to the object. To estimate the
depth map for each viewpoint, MVS performs image matching between multi-view images.
One of the typical methods is plain sweeping [4,8]. In plain sweeping, the most optimal
depth is searched for in each pixel of the input image based on the similarity of textures in
the local region of the image while varying the depth from the camera to the object, where
Normalized Cross-Correlation (NCC) or Zero-mean Normalized Cross-Correlation (ZNCC)
between local regions is generally used as the similarity [3,8]. Although the optimal depth
can be estimated by taking into account the geometric consistency among multi-view
images, the number of image-matching operations becomes large since a full depth search
is required for each pixel [7]. To reduce the number of image matching operations in MVS,
efficient methods using PatchMatch [9,10] have been proposed [3,7,11,12]. Among them,
COLMAP [3,13] has been proposed as a pipeline for 3D reconstruction using PatchMatch
and is used as a de facto standard method for MVS. PatchMatch-based methods assign
depth and normal as parameters to each pixel. For example, the initial value of the depth
is a random number within the acceptable range of depth estimation obtained from the
epipolar constraints between cameras, and the initial value of the normal is a random
number within £7r/3 for the angles of the X and Y axes [7]. Then, the parameters are
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optimized by matching corresponding pixels in different viewpoints according to these
parameters. The depth map can be estimated with fewer matching operations than a full
search by using random numbers as the initial values of the parameters. Since the parame-
ters are optimized using image matching, the accuracy of depth estimation is degraded in
poor-texture regions and at object boundaries, and occlusion prevents depth estimation.
Recently, depth map estimation methods using deep learning have been proposed [14-17].
In this paper, “texture” refers to the spatial distribution of colors and their intensities in an
image. “Rich texture” indicates that there is a large difference in intensity values between
pixels and that the texture has a complex pattern, while a “poor texture” indicates that
there is almost no difference in intensity values between pixels and that the texture is uni-
form. “Object boundary” indicates the boundary between the foreground and background
in the image, where the pixels have significantly different depths. A typical method,
namely MVSNet [15], projects feature maps extracted by a Convolutional Neural Network
(CNN) [18] to another viewpoint based on plain sweeping, and estimates the depth of each
pixel based on the similarity of the features. Depth map estimation with training is more
accurate than that without training since CNN-based methods can use features considering
the shape and positions of the neighboring regions of the pixel of interest as well as textures.
On the other hand, even with deep learning, depth estimation is difficult in poor-texture
regions and object boundaries. Thus, the depth map estimation in MVS can accurately
estimate the depth on object surfaces with rich texture, while the estimation accuracy is
degraded in poor-texture regions and at object boundaries.

Neural Radiance Fields (NeRFs) [6] have been proposed as another method for depth
map estimation from multi-view images. NeRF represents a 3D space as a radiance field,
which is parametrized with a Multi Layer Perceptron (MLP). The MLP is trained so as to
estimate a volume density and view-dependent emitted radiance given the spatial location
and view direction of the camera from multi-view images. The use of the trained MLP
makes it possible to synthesize images from novel viewpoints based on the radiance field
on the ray connecting the camera and the object. NeRF can not only generate novel view
images from the radiance field, but can also generate depth maps. Depth can be synthesized
pixel by pixel using the radiance field, even for poor-texture regions and object boundaries.
On the other hand, it is not always possible to accurately estimate the depth on the surface
of an object using NeRF compared with MVS.

As described above, MVS estimates depths based on image matching and thus can
accurately estimate depths on object surfaces with rich texture, while the accuracy of depth
estimation is degraded in poor-texture regions and at object boundaries. On the other
hand, NeRF estimates the radiance field of a scene from multi-view images and estimates
depth for each pixel from the radiance field, and thus can estimate depth for poor-texture
regions and object boundaries, while the accuracy is not always high for object surfaces.
In this paper, we propose a method to refine the depth maps obtained by MVS through
the iterative optimization of NeRF. The standard NeRF trains an MLP to generate novel
view images, while the proposed method refines the depth map by iteratively optimizing
an MLP, so that the MLP can render the input image and the depth map obtained by MVS.
Therefore, the proposed method only performs iterative optimization of the radiance field
and does not require any training. Through a set of experiments using the Redwood-
3dscan dataset [19] and the DTU dataset [20], which are public datasets consisting of
multi-view images, we demonstrate the effectiveness of the proposed method compared
to conventional methods. In the experiments, we employ an evaluation metric that is
invariant to the depth scale [21], in addition to the widely used evaluation metrics for depth
map estimation.
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2. Related Work

This section summarizes the depth map estimation methods using MVS and NeRF
that are related to this study.

2.1. MVS-Based Approaches

Here, we give an overview of COLMAP [3,13] using PatchMatch and MVSNet [15]
using deep learning as MVS-based depth map estimation methods.

2.1.1. COLMAP

COLMAP is a pipeline for 3D reconstruction from multi-view images that consists
of Structure from Motion (SfM) [13] and MVS [3]. SfM is a method for 3D reconstruction
and camera parameter estimation by sequentially adding images using the principle of
triangulation used in stereo vision [1]. Correspondence point pairs are obtained based on
the similarity between feature points, 3D points are reconstructed using the correspondence
point pairs and camera parameters based on the principle of triangulation, and camera
parameters are optimized by minimizing reprojection errors. SfM estimates camera param-
eters and reconstructs sparse 3D point clouds from multi-view images. SfM in COLMAP
is a de facto standard method among many MVS methods for estimating the camera pa-
rameters of multi-view images. MVS estimates the depth map of each viewpoint using
the results of SfM and reconstructs dense 3D point clouds. MVS in COLMAP, similar to
PatchMatch, assigns depth and normal to each pixel as parameters initialized with random
numbers, and then iteratively performs image matching and parameter propagation among
multi-view images to optimize the depth and normal. To improve the accuracy of depth
map estimation using PatchMatch, MVS in COLMAP utilizes the following ideas: (i) propa-
gates parameters taking into account the geometry by selecting the pixel of interest and the
corresponding view for each pixel based on the camera rotation, occlusion obstructing the
view, and image resolution, (ii) employs NCC with bilateral weights for image matching
in local regions, (iii) improves the accuracy of depth estimation by maximizing the photo-
metric consistency and minimizing the geometric consistency based on reprojection errors
between viewpoints, and (iv) removes outliers according to the confidence value calculated
by the photometric consistency and the geometric consistency. COLMAP also has problems
with low depth estimation accuracy in poor-texture regions and at object boundaries.

2.1.2. Deep Learning

Recently, a number of depth map estimation methods using deep learning have
been developed [14-17,22]. Here, we describe one of the typical methods, MVSNet [15].
MVSNet estimates a depth map for each viewpoint through three steps: feature extraction
from multi-view images, the creation of a cost volume, and depth map estimation. Let
the image for which the depth map is to be obtained be the reference image, and the
images in the neighborhood of the reference image be the neighboring images. Feature
maps are extracted from both the reference image and the neighboring images using a 2D
CNN. A virtual plane is assumed in the depth direction of the camera for the reference
image, the feature maps of the neighboring images are projected onto the virtual plane by
homography transformation, a feature volume at each viewpoint is created, and a scene
cost volume is created by aggregating the feature volumes of the reference image and the
neighboring images. The cost volume is used to determine the existence probability of
object surfaces in the depth direction, and the depth of each pixel is estimated from its
expected value.

As described above, MVS estimates the depth map using image matching based on
the texture in the images and the features extracted by CNN. Because of the use of image
matching, the depth map can be estimated with high accuracy in rich-texture regions,
while the estimation accuracy degrades in poor-texture regions and at object boundaries.
In addition, MVS is difficult to estimate the depth in regions containing occlusions even
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though the deformation between images is normalized using a homography transformation
to improve the accuracy of image matching.

2.2. NeRF-Based Approaches

We describe a novel view synthesis method, i.e., NeRF [6] and depth map estimation
using NeRF. We also describe Depth-Supervised NeRF (DS-NeRF) [23], which utilizes
sparse 3D point clouds reconstructed by SfM, as a depth map estimation method us-
ing NeRF.

2.2.1. NeRF

NeRF estimates the radiance field of a 3D scene from multi-view images and camera
parameters using an MLP, and synthesizes a novel view by volume rendering [24] the
radiance field [6]. The MLP takes the coordinates x = (x,y, z) of a 3D point in its direction
(0,¢) as the input and the RGB value ¢ = (r,g,b) of the 3D point and the density o
representing the opacity of the 3D point as the output. The ray r; from the camera center
o0 in the camera image I through the pixel i in the camera image I and the 3D point x;
corresponding to the pixel i € I is defined by

ri(t) = o0+ td;, (1)

where t is the position on the ray and d; is its direction (6;, ¢;) which observes the 3D point
x. From the RGB value ¢(;(t), d;) of a 3D point on the ray and the density o(r;(t)) of 3D
points, the pixel value C; at pixel i is calculated by

C= [ T ()elri(r), d @

where tyeqr and t ¢, indicate the range of volume rendering and T;(t) is an accumulated
transmittance function, which describes the phenomenon that the brightness of rays is
attenuated by objects, and is defined by

Ty(t) = exp(— /tt U(ri(s))ds) 3)

In practice, since N 3D points on the sampled rays # are used, Equation (2) can be

rewritten as
N

C#) =) Tj(1 — exp(—0jé;))cj, 4)
=1

where §; = ;1 —t; denotes the distance between adjacent 3D points located on the ray
and T; is given by

-1
T; =exp (— Z Uk(5k>. (5)
k=1

The MLP is trained with the loss function £ between the pixel values C(#) of the image
synthesized by volume rendering and C$!(?) of the camera image, which is defined by

L=Y |IEE) - @), ©)

fER

where R is a set of rays passing through each pixel. In NeRF, the depth D(?) is calcu-
lated by using the density o of sampled 3D points on the ray # and T; obtained from the
density [25-28] as follows:

N
D(#) = Y. Ti{1 —exp(~0;0)) }1; @
j=1
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A depth map for each viewpoint can be obtained by calculating the depth for all the
pixels. NeRF does not use image matching for local regions, and therefore can estimate
depth maps with high accuracy in poor-texture regions and at object boundaries.

2.2.2. DS-NeRF

Here, we describe Depth-Supervised NeRF (DS-NeRF) [23], which combines NeRF
and SfM in COLMARP as a method to improve the performance of NeRF. As mentioned
above, NeRF trains an MLP using the color reconstruction loss between the synthesized
image and the camera image. In addition to the color reconstruction loss, DS-NeRF uses
the depth loss between the depth obtained by volume rendering and the depth obtained
from the sparse 3D point cloud in SfM. DS-NeRF can train an MLP more efficiently than
NeRF and can synthesize novel views from a small number of images. The depth loss
L Depth used in DS-NeRF is calculated based on KL divergence as follows:

2
te — Djj
EDEpth ~ ]EXZ'EX]' Zlog hk exp{ _(2(}21]) }Atk/ (8)
k i

where X; indicates a set of feature points visible from camera j, x; indicates the i-th feature
point, /i indicates the existence probability of the object surface at the k-th sampling point
on the ray, 0; indicates the reprojection error at the i-th feature point x;, and D;; indicates
the distance from camera j to the feature point i. The larger the reprojection error of the
feature points, the weaker the loss constraint is to take into account the estimation error
of the 3D points by SfM. Although depth maps can be estimated from a small number of
images, sparse depth maps have to be used for training in DS-NeRF. Therefore, it is not
always possible to synthesize a highly accurate depth map by volume rendering using the
radiance field.

Recently, RC-MVSNet [17] has been proposed, which combines CasMVSNet [22] and
NeRF to train CasMVSNet by unsupervised learning. Although unsupervised learning
reduces the limitation on the amount of training data, the depth map cannot always be
estimated with high accuracy since NeRF is estimated based on the depth map generated
by CasMVSNet.

3. NeRF-Inspired Depth Map Refienment

As mentioned above, the depth map estimated by MVS does not obtain depth in
poor-texture regions, occlusions, and at object boundaries. We propose a depth map
estimation method multi-view images with NeRF-inspired depth map refinement. The
proposed method differs from general NeRF in that it iteratively optimizes the MLP to
synthesize the input image and the depth map estimated by MVS, rather than training the
MLP to synthesize novel view images. NeRF trains the radiance field of the scene using
the input multi-view images and uses it to synthesize novel view images. On the other
hand, the proposed method refines the depth map by optimizing the radiance field of the
scene so that the input multi-view images and the dense depth map can be synthesized.
The proposed method corresponds to overfitting the training data from the viewpoint of
NeRF. Since NeRF aims to synthesize novel view images, while the proposed method aims
to refine the input depth maps, the proposed method can achieve its objective even by
overfitting the training data in NeRF. In the following, we refer to “optimize” as overfitting
the MLP to the training data to estimate a depth map from the same viewpoint as the
training data. We also refer to “train” as synthesizing a novel view by training the MLP
with the training data, i.e., normal NeRF. We describe an overview of the proposed method,
the network architecture of the MLP used in the proposed method, and the objective
functions for optimization in the following.
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3.1. Qverview

The proposed method consists of camera parameter estimation by SfM, depth map
estimation by MVS, and depth map refinement by NeRF optimization, taking multi-view
images as the input. The framework of the proposed method is shown in Figure 1, which is
inspired by DS-NeRF [23]. DS-NeRF uses sparse 3D point clouds obtained by SfM to train
the MLP so as to synthesize novel views using NeRF. On the other hand, the proposed
method refines the depth map obtained by MVS through the optimization of an MLP,
which is different to DS-NeRFE. The proposed method uses COLMAP to estimate the camera
parameters [13] and depth maps [3] to compare the performance of the proposed method
with that of DS-NeRF. Therefore, it should be noted that the COLMAP process can be
replaced by other SfM and/or MVS methods in the proposed method. The proposed
method iteratively optimizes the MLP representing the radiance field using the dense
depth map estimated by MVS. We optimize the MLP so that the depth map is synthesized
by volume rendering to be close to the depth map estimated by MVS, and so that the image
from the same viewpoint as the input image is synthesized. As a result, it is possible to
estimate the depth in poor-texture regions and at object boundaries that cannot be estimated
by MVS. We obtain a depth map that is more accurate than MVS by volume rendering the
depth map using the optimized MLP.

NeRF-Based Refinement Module (No tralnlng)

‘ﬁt LColor
A ( ........ > 3
f/’l I I Rendered RGB RGB
l Volume ““m LDepth
MLP Rendering |EEEEEE <-::-:--

Rendered depth MVS depth

A A

COLMAP . Camera Params. MVS depth maps

Optimized depth maps

Figure 1. Overview of the proposed method (SfM: Structure from Motion, MVS: Multi-View Stereo).

3.2. Network Architecture of an MLP

An MLP, which refines the depth maps obtained by MVS, consists of the network
architecture as shown in Figure 2. This network architecture is designed based on DS-
NeRF [23]. A 3D point x = (x,y,z) and its direction d = (¢, #) are inputs, and RGB values
¢ and the density ¢ of x are outputs. Three-dimensional points x and view direction d
are applied during positional encoding [6] to create higher dimensional vectors y(x) and
v(d), which are input to the MLP. We generate 256-dimensional feature vectors passing
7 (x) through eight fully-connected layers with the ReLU activation function. The output
of the fifth layer is concatenated with 7 (x) using skip connection. Then, the 3D point
density ¢ and 256-dimensional feature vectors are obtained by passing them through a
fully-connected layer. The output feature vector is then concatenated with the feature vector
7(d), and the RGB values of the 3D points are output through a fully connected layer.
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3.3. Objective Functions

We describe the objective functions that are required in the optimization of the MLP to
refine the depth maps obtained by MVS. Note that we use the term “loss” in the following
since the only differences between the loss function used in training the MLP and the
objective function used in MLP optimization are the expressions “loss” and “error”. The
proposed method employs the color reconstruction loss L, [6] as the objective function
for color reconstruction and the depth loss £, based on Huber loss [29] as the objective
function for depth reconstruction.

1».—»—»—»—»—»—»—»—»—»—»—».
x v

2]-8
d v(d)
|:|: Input vector .: Output vector of Fully-connected layer
.: Positional encoded vector .: Output vector of MLP

— : Fully-connected layer + ReLU --»: Positional encoding
— : Fully-connected layer w/o activation

Figure 2. The network architecture of the MLP used in the proposed method, where the number
inside the boxes indicates the dimension of each feature vector.

3.3.1. Color Reconstruction

The color reconstruction loss, £y, is the mean squared error loss between the pixel
values estimated by volume rendering using Equation (4) and the pixel values of the same
pixel in the input image and is defined by

Leoor = 311G = 5|2, ©
j€l

where ] indicates a set of pixels in the input image, C; indicates pixel values synthesized by

volume rendering at pixel j, and C}g " indicates pixel values of the same pixel in the input image.

3.3.2. Depth Reconstruction

We propose a new loss function based on Huber loss [29] for depth reconstruction that
is robust against outliers. We consider that it is important to have robustness against outliers
since the depth maps obtained by MVS in COLMAP contain many outliers. Huber loss is a
loss function that combines L1 loss and L2 loss. Using the idea of Huber loss, the proposed
method uses the mean squared error loss, i.e., L2 loss, when the error between the depth
obtained by volume rendering and the depth obtained by MVS in COLMAP is smaller than
a threshold €, and the absolute error loss, i.e., L1 loss, when the error is larger than €. The
term H(Dy, Dj"®) based on Huber loss used in the depth loss Lp,; is defined by
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112
H(Dy, D) = { 2 ol <e 10
(De D) { e(la] —§) otherwise (10)
where Dy indicates the depth at pixel k obtained by volume rendering, D'** indicates
the depth at pixel k in the depth map estimated by MVS in COLMAP, a = Dy — D]'®,

t _tYlBHV . . . . oy
LA. As mentioned above, the depth is obtained by accumulating the densities

of 3D points on the rays in volume rendering. The error between the depth obtained by
volume rendering and the depth obtained by MVS in COLMAP should be smaller than the
distance between adjacent 3D points. Therefore, we use the number of sampling points
Neoarse used for coarse sampling in hierarchical volume sampling as the threshold €. Then,
the depth loss Lp,¢; used in the proposed method is defined by

1

Loen = 7 L H(Di, DI'™), an

keK

where K indicates a set of pixels in the input image whose depth D}J'* is obtained by
MVS in COLMAP. Note that the depth loss Lp, is calculated only for pixels with depth
obtained by MVS in COLMAP.

The iterative optimization of the MLP used in the proposed method employs an
objective function that combines the color reconstruction loss and depth loss described
above, which is given by

L = Lcoior + /\D['Depth/ (12)

where Ap indicates a hyper parameter.

4. Experiments and Discussion

This section describes experiments to evaluate the accuracy of the proposed method
using public datasets of multi-view images. We describe the dataset used in the experiments,
the experimental conditions, evaluation metrics, ablation study of depth loss, accuracy
comparison with conventional methods, and 3D reconstruction in the following.

4.1. Dataset

We describe two multi-view image datasets, i.e., the Redwood-3d scan dataset (https:
/ /redwood-data.org/3dscan/index.html (accessed on 7 February 2024)) [19] and the DTU
dataset (https:/ /roboimagedata.compute.dtu.dk/?page_id=36 (accessed on 7 February
2024)) [20], which are used in the experiments.

4.1.1. Redwood-3d Scan Dataset (Redwood)

Redwood consists of 10,933 RGB-D video images taken in a variety of scenes and
441 3D mesh models. There are 44 different categories of scenes, such as chairs, tables,
sculptures, and plants. The RGB-D video images were taken by non-experts in computer
vision, and many of them contain low-quality frames and poor-texture regions. Therefore,
it is difficult to reconstruct 3D shapes from the multi-view images in Redwood using
MVS due to external factors such as motion blur, noise, poor-textured objects, and illu-
mination changes. In our experiments, we use 12 scenes: “amp#05668”, “chair#04786”,
“chair#05119”, “childseat#04134”, “garden#02161”, “mischardware#05645”, “radio#09655”,
“sculpture#06287”, “table#02169”, “telephone#06133”, “travelingbag#01991”, and “trash-
container#07226” as shown in Figure 3. We extract 11 frames from the RGB-D video image
of each scene, and use the RGB image with 640 x 480 pixels of each frame as the input
and the depth map as the ground truth for accuracy evaluation. The camera parameters
for each viewpoint used in all the depth map estimation methods are estimated by SfM in
COLMAP [13].
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amp chair childseat garden mischardware
#05668 #04786 #04134 #02161 #05645
: =
radio sculpture table telephone trashcontainer  travelingbag
#09655 #06287 #02169 #06133 #07226 #01991

Figure 3. Example of images from Redwood used in the experiments, where images are extracted
from the RGB-D video.

4.1.2. DTU Dataset (DTU)

DTU consists of multi-view images of a variety of objects, a 3D point cloud measured
by a laser scanner, and the camera parameters. The multi-view images consist of a set of
images with 1600 x 1200 pixels, which are taken of each object from 49 or 64 viewpoints.
Multi-view images in DTU are acquired under the controlled environment. Therefore, we can
evaluate the potential performance of MVS methods themselves since there are few external
factors using DTU. There are 124 types of objects, such as building models, animal figurines,
plants, and vegetables. We use the “scan9”, “scan33”, and “scan118” as shown in Figure 4.
Due to the processing time, we resize the images to 800 x 600 pixels and use them as input
images. Since the images in DTU were taken under seven different lighting conditions, we
use the multi-view image taken under one of the seven lighting conditions. The camera
parameters for each view used in all the depth map estimation methods are estimated by SfM
in COLMAP [13]. Since DTU does not have the ground truth for evaluating the accuracy of
the depth map estimation, we use the depth maps created by Yao et al. [5,15].

scan9 scan33 scan118

Figure 4. Example of images from DTU used in the experiments.

4.2. Experimental Condition

In our experiments, we compare the accuracy of depth map estimation among
COLMAP [3], NeRF [6], DS-NeRF [23], RC-MVSNet [17], and the proposed method to
demonstrate the effectiveness of the proposed method. NeRF and DS-NeRF train an MLP
that represents the radiance field using multi-view images so that novel view images can
be synthesized. By inputting a novel view direction to the trained MLP, the image and
depth map of that view can be synthesized. NeRF and DS-NeRF need to train an MLP
using training data and evaluate it on test data. On the other hand, the proposed method
optimizes an MLP that represents the radiance field so that the input images and depth
maps can be synthesized. In this experiment, we estimate depth maps for the input known
viewpoints. To evaluate the accuracy under the same conditions as the proposed method,
NeRF and DS-NeRF trained an MLP using the input multi-view images and use the trained
MLP to synthesize depth maps for the input multi-view images. Therefore, we trained
NeRF and DS-NeRF a certain number of times as in the proposed method. Table 1 shows
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the hyper parameters used in the experiments. The number of training or optimization
iterations was set to 15,000 for Redwood and 100,000 for DTU, since the number of images
and the number of pixels are different for each dataset. The batch size, which represents
the number of rays in each iteration, was set to 5120. DS-NeRF and the proposed method,
which require the depth map loss to be calculated, have a parameter Ap that controls the
ratio of depth rays used to calculate the depth loss within the batch size and the weights
of the loss function. The ratio of depth rays used in DS-NeRF and the proposed method
are set to 0.5 and 0.2, respectively, and Ap is set to 0.1 for both methods. NeRF, DS-NeRF,
and the proposed method use hierarchical volume sampling [6] as a sampling method
based on the density of points on a ray. Hierarchical volume sampling first produces the
color and density of N¢oarse 3D points in a coarse network, and then produces the color
and density of Ny;,, 3D points belonging to high-density regions in a fine network. We
set Neparse = 64 and N fine = Ncoarse + 128 for all the methods in the experiments. In the
experiments, Adam [30] is used as the optimizer. The learning rate begins at 5.0 x 104
and decays exponentially to 5.0 x 107> during the optimization process. For RC-MVSNet,
we use the trained model and evaluation code available in the official GitHub reposi-
tory (https://github.com/Boese0601/RC-MVSNet (accessed on 26 Feburary 2024)). The
threshold for the reprojection error used in depth map filtering is set to 0.5 pixels.

Table 1. A set of hyper parameters used in the experiments.

# of Iterations Batch Size  Ratio of Depth Rays

Method  Redwood [19]  DTU [20] Ap
[Times] [Times] [Rays] [Rays/Batch Size]
COLMAP [3] - - - - -
NeRF [6] 15,000 100,000 5120 - -
DS-NeRF [23] 15,000 100,000 5120 0.5 0.1
Proposed 15,000 100,000 5120 0.2 0.1

4.3. Evaluation Metrics

We evaluate the accuracy of depth map estimation using the following five evaluation
metrics. In the following, y; denotes the depth of the pixel i in the estimated depth map, y;
denotes the depth of pixel i in the ground-truth depth map, and T denotes a set of pixels
for evaluation.

The first metric is the scale invariant logarithmic error (SILog) [21], which is defined by

i
SILog 537 Z( + 7 Dles ) 13)

ieT ieT

This is a metric that evaluates the scale-independent error between the ground truth
and estimated depths, where lower values indicate that the estimated depths are correct.
For example, in Redwood, the depth map estimated by COLMAP is scale-independent,
while the ground truth is millimeter-scale. In our experiments, the scale between the
ground truth and the estimated depth map is estimated by the least-squares algorithm and
adjusted to the millimeter scale for a fair evaluation. If the estimated depths contain outliers,
the scale estimation has errors. SILog evaluates scale-invariant errors and is therefore less
sensitive to errors in scale fitting.

The second metric is the Absolute Relative Difference (AbsRel), which is defined by

AbsRel : T > llyi—yill/y" (14)
(="

This is a metric that evaluates the absolute relative error between the ground truth and
the estimated depths, where lower values indicate that the estimated depths are correct.
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The third metric is the Squared Relative Difference (SqRel), which is defined by

.

SqRel :
T

> lyi =i 1277 (15)
ieT

This is a metric that evaluates the squared relative error between the ground truth and
the estimated depths, where lower values indicate that the estimated depths are correct.
SqRel is sensitive to outliers since the larger the error in the estimated value, the larger the
evaluated value.

The fourth metric is Root Mean Squared Error (RMSE(log)) on a logarithmic scale,
which is defined by

RMSE (log) :, | o Y || logy; — log 7 | (16)
ITI =
This is a metric that evaluates the root mean square error between the ground truth and
estimated depths, where lower values indicate that the estimated depths are correct.

The fifth metric evaluates the ratio between the ground truth and the estimated depths
that is less than the threshold, which is given by

0 < threshold : % of y; s.t. max(y;/y;,y; /y;) = 6 < threshold. (17)
1

This indicates that, the larger the value, the more accurate the estimated depth.

The first to fourth metrics evaluate the error between the ground truth and the estimated
depths, and the fifth evaluates the accuracy of the estimated depths. As mentioned in the first
metric, the depth maps estimated by the conventional and proposed methods are different in
scale from the ground truth measured in millimeters. Therefore, except for SILog, the scale of
the depth maps has to be aligned when evaluating accuracy. In our experiments, the scale is
obtained using the least-squares algorithm so that the error between the sparse depth at each
view created from the sparse 3D point cloud estimated by SfM and the corresponding ground
truth is small. Using the obtained scale, we evaluate the estimation accuracy by converting
the depth maps estimated by each method to the millimeter scale.

4.4. Ablation Study of Depth Loss

In this subsection, we describe an ablation study on the depth loss of the proposed
method to confirm the dependence of the proposed method on the parameters. In this
experiment, we use amp#05668 in Redwood.

4.4.1. Threshold of Huber Loss

The depth loss used in the proposed method is designed based on the Huber loss as
described in Section 3.3.2. Huber loss uses L2 loss if the difference between the estimated
depth and the true value is less than or equal to the threshold €, otherwise L1 loss is used.
Therefore, € has an impact on the accuracy of the depth map estimation. Table 2 shows
the accuracy of depth map estimation using the proposed method when Huber loss € is
multiplied by the scale factor s, where the numbers in bold and underlined indicate the
best and second best in each evaluation metric, respectively. In the case of € multiplied
by 0.5,1i.e., s = 0.5, AbsRel, SqRel, and RMSE, the accuracy of the depth estimation is the
best, while SILog and § < 1.25 are the third most accurate. In the case of € multiplied by
0.1and 2, i.e., s = 0.1,2.0, the accuracy of the depth estimation is degraded for most of
the evaluation metrics. On the other hand, when € is used, i.e., s = 1.0, the accuracy of
depth estimation is within the top two across all of the evaluation metrics. From the above,
the proposed method employs s = 1.0 as a scale factor for the threshold e for depth loss.
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Table 2. Experimental results of depth map estimation using the proposed method when € of the
Huber loss is multiplied by the scale factor s. The numbers in bold and underlined indicate the
best and the second best in each evaluation metric, respectively. The up arrow indicates that higher
values represent better results, while the down arrow indicates that lower values represent better
results, respectively.

Error| Accuracy 1
s SILog AbsRel SqRel R(i\;IgS)E 6 <125
[log(mm) X 100] [%] [%] [log(mm)] [%]
0.1 0.5626 0.0804 3.135 0.1097 97.61
0.5 0.5787 0.0786 2.990 0.1094 98.51
1.0 0.5759 0.0786 2.992 0.1095 98.53
2.0 0.5970 0.0779 2.988 0.1099 98.55

4.4.2. Hyper Parameter of Objective Function

The objective function used in the proposed method has a hyperparameter Ap that
adjusts the balance between the color reconstruction loss L¢,j,r and the depth loss Lpgpy,.
In this experiment, we perform an ablation study on Ap. Table 3 shows the accuracy of the
depth map estimation of the proposed method when Ap is changed. The accuracy of the
depth map estimation of the proposed method is the highest when Ap = 0.1. Therefore,
Ap = 0.11s used in the following experiments.

Table 3. Experimental results of depth map estimation using the proposed method when Ap of the
objective function is changed. The numbers in bold indicate the best in each evaluation metric. The
up arrow indicates that higher values represent better results, while the down arrow indicates that
lower values represent better results, respectively.

Error| Accuracy 1
Ap SILog AbsRel SqRel R&\::)E J <125
[log(mm) x 100] [%] [%] [log(mm)] [%]
0.05 0.5822 0.0789 3.008 0.1099 98.45
0.1 0.5759 0.0786 2.992 0.1095 98.53
0.2 0.6086 0.0791 3.032 0.1115 98.44
0.5 0.6180 0.0786 3.040 0.1115 98.41

4.4.3. Difference between Other Depth Loss

In this experiment, we conducted the ablation study for the proposed method using
MSE (L2 loss), MAE (L1 loss), and the proposed depth loss based on Huber loss as the depth
loss Lpepi, of the proposed method. We used “amp#05668” from Redwood as input images
in this experiment. Table 4 shows the results of the ablation study. As for MSE, the accuracy
of depth map estimation is high for AbsRel and RMSE(log), which is comparable to that
using the proposed depth loss. As for the proposed depth loss, the accuracy of depth
map estimation is high for SILog, SqRel, and § < 1.25. Since the SILog of the proposed
depth loss is the highest, the use of the proposed depth loss makes it possible to estimate a
smooth and highly accurate depth map. As mentioned above, the evaluation metrics other
than SILog are sensitive to the scale between the estimated depth map and the ground
truth. The high value of SILog indicates that the estimation accuracy of the depth map
is high independent of the scale fitting error. Figure 5 shows the depth maps obtained
by each method. In the case of MSE, the object boundary is smooth, although there are
some missing areas on the surface of the amplifier. This is because MSE is sensitive to
outliers, and the MLP was optimized to be close to the outlier of the depth map estimated
by MVS in COLMAP. In the case of using MAE, there is no missing area on the object
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surface, although the object boundary is not smooth. In the case of the proposed depth loss,
there is no missing area on the object’s surface and the object boundary is sharp. As a result,
the depth map can be estimated with the highest accuracy using the proposed depth loss.

Table 4. Summary of qualitative experimental results in the ablation study for the proposed methods
with a variety of depth loss functions. The numbers in bold indicate the best in each evaluation
metric. The up arrow indicates that higher values represent better results, while the down arrow
indicates that lower values represent better results, respectively.

Error] Accuracy T
Depth Loss SILog AbsRel SqRel R(?:gS)E 5 <125
[log(mm) X 100] [%] [%] [log(mm)] [%]
MSE 0.6413 0.0773 3.025 0.1097 98.05
MAE 0.6623 0.0790 3.107 0.1139 98.24
Huber (Proposed) 0.5765 0.0791 3.015 0.1099 98.47

RGB image GT depth COLMAP
e T e T e gl W — © LA

> -

Proposed (MSE) Proposed (MAE) Proposed (Huber)

Figure 5. Depth maps estimated by COLMAP and the proposed method with a variety of depth
loss functions, where blue in the depth map indicates close to the camera and red indicates far from
the camera.

4.5. Comparison with Conventional Methods

This section demonstrates the effectiveness of the proposed method by comparing the
accuracy of depth map estimation using the conventional and proposed methods using
Redwood and DTU.

Tables 5 and 6 show the quantitative results for Redwood. COLMAP and NeRF
have larger errors and lower accuracy than the other methods, indicating that the depths
contain large errors. RC-MVSNet and the proposed method exhibit better results than
other methods in most evaluation metrics. In particular, the SILog for the proposed
method is smaller than that for COLMAP, NeRF, DS-NeRF, and RC-MVSNet in most cases.
This result indicates that the depth map refined by the proposed method contains fewer
errors. Figure 6 shows the depth maps estimated by each method. RC-MVSNet shows
comparable results to the proposed method in the quantitative evaluation; however, it has
more missing regions in the depth map compared to the other methods. The reason for this
is that RC-MVSNet uses filtering of the depth map based on reprojection errors. Therefore,
the estimated depths are highly accurate, while the depth maps include missing regions.
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The proposed method estimates the depth map more smoothly than the conventional
methods. For example, the proposed method can estimate accurate and smooth depths
of flat surfaces such as the floor and the ground in “amp#05668” and “childseat#04134".
This is because the proposed method optimizes the radiance field based on the depth
map estimated by COLMAP, unlike NeRF and DS-NeRFE. These results indicate that the
depth map estimated by COLMAP can be refined through the iterative optimization of an
MLP representing the radiance field since the proposed method has fewer missing regions
than the depth map estimated by COLMAP. On the other hand, neither COLMAP nor the
proposed method could estimate the depth of the surface of the trashcan with poor texture
in “trashcontainer#07226”. In “travelingbag#01991”, COLMAP has missing depths for the
surface of the traveling bag, while the proposed method smoothly estimated their depths.
The difference between “trashcontainer#07226” and “travelingbag#01991” is the size of the
missing region in the depth map estimated by COLMAP. If the missing regions in the input
depth map are large, the proposed method cannot interpolate the depth map.

Table 5. Summary of qualitative experimental results in Redwood. The numbers in bold indicate the
best in each evaluation metric. The up arrow indicates that higher values represent better results,
while the down arrow indicates that lower values represent better results, respectively.

Error] Accuracy 1
Datasets Method SILog AbsRel SqRel R(i\:)[gS)E 6 <125
[log(mm) X 100] [%] [%] [log(mm)] [%]
COLMAP [3] 6.533 0.0906 4.248 0.2711 97.64
am NeRF [6] 8.313 0.2087 9.784 0.3913 84.64
405 6128 DS-NeRF [23] 0.7120 0.0794 3.289 0.1146 99.40
RC-MVSNet [17] 4.637 0.0857 3.175 0.1678 98.64
Proposed 0.5759 0.0786 2.992 0.1095 99.18
COLMAP [3] 12.86 0.1745 8.686 0.3982 95.94
chair NeRF [6] 27.22 0.5636 24.51 1.252 4091
404736 DS-NeRF [23] 2.895 0.1795 8.638 0.2523 97.22
RC-MVSNet [17] 0.9583 0.1595 6.554 0.1974 98.81
Proposed 1.315 0.1556 6.785 0.1982 98.62
COLMAP [3] 17.45 0.1016 8.400 0.4359 95.28
chair NeRF [6] 16.41 0.3130 19.53 0.5966 71.09
405119 DS-NeRF [23] 1.098 0.0754 5.089 0.1167 99.51
RC-MVSNet [17] 0.8361 0.0656 4.396 0.1054 99.35
Proposed 1.026 0.0663 4.507 0.1130 99.21
COLMAP [3] 4151 0.0539 2.674 0.2009 99.25
childseat NeRF [6] 3.328 0.1345 5.598 0.1900 99.99
404134 DS-NeRF [23] 0.1874 0.0527 1.890 0.0624 100.0
RC-MVSNet [17] 0.1023 0.0481 1.692 0.0554 100.0
Proposed 0.1280 0.0488 1.670 0.0563 100.0
COLMAP [3] 3.916 0.0928 5.647 0.2174 98.47
arden NeRF [6] 9.752 0.2282 14.92 0.4288 83.19
%021 61 DS-NeRF [23] 0.8502 0.0892 5.165 0.1272 99.33
RC-MVSNet [17] 0.4220 0.0824 4.139 0.1032 99.73
Proposed 0.8336 0.0883 4.969 0.1269 99.09
COLMAP [3] 16.25 0.1213 14.77 0.4189 95.09
mischardware NeRF [6] 7.251 0.2172 12.80 0.3726 90.79
#05645 DS-NeRF [23] 1.913 0.1001 5.966 0.1700 99.73
RC-MVSNet [17] 2.886 0.0656 3.837 0.1327 99.37
Proposed 0.8973 0.0664 4.030 0.1137 99.74

177



J. Imaging 2024, 10, 68

Table 6. Summary of qualitative experimental results in Redwood (continued). The numbers in bold
indicate the best in each evaluation metric. The up arrow indicates that higher values represent better
results, while the down arrow indicates that lower values represent better results, respectively.

Error] Accuracy 1
Datasets Method SILog AbsRel SqRel R(?:gS)E § <125
[log(mm) X 100] [%] [%] [log(mm)] [%]

COLMAP [3] 7.308 0.0606 14.98 0.2666 98.07
NeRF [6] 3.968 0.1430 6.854 0.2345 98.497
radio DS-NeRF [23] 1.501 0.0596 4134 0.1233 99.81
#09655 RC-MVSNet [17] 7.078 0.0350 2.521 0.1702 98.25
Proposed 0.2654 0.0235 1.730 0.0520 99.99
COLMAP [3] 31.79 0.3789 10.38 0.7903 86.08
NeRF [6] 6.3333 0.5077 13.431 0.7880 44.12
sculpture DS-NeRF [23] 1.136 0.3292 8.511 0.4179 97.58
#06287 RC-MVSNet [17] 5.573 0.3340 8.103 0.4584 96.64
Proposed 0.8592 0.3230 8.280 0.4037 98.08
COLMAP [3] 5.456 0.1145 8.168 0.2391 97.53
NeRF [6] 23.94 0.1973 20.15 0.5058 87.62
table DS-NeRF [23] 5.005 0.1320 10.358 0.2251 95.90
#02169 RC-MVSNet [17] 2.106 0.1091 5.761 0.1517 99.03
Proposed 1.920 0.1091 6.927 0.1572 98.50
COLMAP [3] 13.98 0.1245 7.174 0.3890 94.29
NeRF [6] 16.52 0.2938 13.25 0.5518 75.79
telephone DS-NeRF [23] 2.935 0.1196 5.848 0.1949 97.87
#06133 RC-MVSNet [17] 7.957 0.0962 4.651 0.2602 97.07
Proposed 2.412 0.0915 4.909 0.1676 98.19
COLMAP [3] 22.14 0.1117 6.877 0.4908 94.15
NeRF [6] 2.085 0.1083 6.027 0.1874 99.03
trashcontainer =~ DS-NeRF [23] 0.2313 0.0563 2.481 0.0716 99.99
#07226 RC-MVSNet [17] 0.0332 0.0566 1.930 0.0611 99.99
Proposed 0.1365 0.0564 2.159 0.0672 99.98
COLMAP [3] 12.18 0.0800 7.401 0.347 95.85
NeRF [6] 1.401 0.0760 5.071 0.1231 98.86
travelingbag DS-NeRF [23] 0.9334 0.0540 3.691 0.090 99.06
#01991 RC-MVSNet [17] 29.25 0.1075 7.537 0.4499 92.53
Proposed 0.9091 0.0487 3.497 0.087 99.06

Table 7 shows the quantitative results for DTU. The proposed method exhibits better
results than the conventional methods in most evaluation metrics. In particular, the SILog
for the proposed method is smaller or equal to that for COLMAP, NeRF, DS-NeRF, and RC-
MVSNet. The proposed method has few large outliers in the depths since the errors are
small and the accuracy is high, as shown in Table 7. Figure 7 shows the depth maps
estimated by each method. All of the methods estimated depth maps with high accuracy
in DTU. As mentioned in the experimental results for Redwood, RC-MVSNet stands out
as having missing regions compared to the other methods. NeRE, DS-NeRF, and the
proposed method estimated accurate depth maps even for poor-texture regions compared
to COLMAP since the depth maps are synthesized from the radiance field.

In “scan118”, NeRF has small missing regions on the object surface, while DS-NeRF
and the proposed method do not have such regions. Since the proposed method has less
noise near the object boundaries than DS-NeRF, the complementarity between MVS and
NeRF can be utilized to estimate the depth map. On the other hand, the proposed method
did not significantly improve the accuracy of depth map estimation for DTU compared to
Redwood. This is because the size and number of input images differ between DTU and
Redwood. Redwood uses 11 images with 640 x 480 pixels, while DTU uses 49 images with
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800 x 600 pixels. The multi-view images in DTU have a sufficient number of viewpoints
for depth map estimation and are rich enough in object texture to allow the depth map to
be estimated with high accuracy even with conventional methods.

garden childseat chair amp
#02161 #04134 #05119 #05668

#07226

#01991

travelingbag trashcontainer

RGB image Ground truth COLMAP NeRF DS-NeRF RC-MVSNet Proposed

Figure 6. Estimated depth maps for each method in Redwood, where blue in the depth map indicates
close to the camera and red indicates far from the camera.

Table 7. Summary of qualitative experimental results in DTU. The numbers in bold indicate the best
in each evaluation metric. The up arrow indicates that higher values represent better results, while
the down arrow indicates that lower values represent better results, respectively.

Error) Accuracy T
Scene Method SILog AbsRel SqRel R(i\(/fgS)E 0 <125
[log(mm) X 100] [%] [%] [log(mm)] [%]
COLMAP [3] 6.039 0.3602 9.059 0.5097 98.10
NeRF [6] 0.8856 0.3528 8.793 0.4324 99.72
scan9 DS-NeRF [23] 0.7815 0.3529 8.784 0.4327 99.74
RC-MVSNet [17] 13.83 0.3785  9.6952 0.6160 93.40
Proposed 0.7280 0.3530 8.783 0.4330 99.74
COLMAP [3] 14.68 0.1064 4.428 0.3971 96.76
NeRF [6] 1.115 0.0840 3.230 0.1251 99.70
scan33 DS-NeRF [23] 1.034 0.0837 3.093 0.1231 99.71
RC-MVSNet [17] 7.376 0.0935 3.646 0.2886 97.71
Proposed 0.9809 0.0837 3.002 0.1219 99.72
COLMAP [3] 6.932 0.0372 2.968 0.2629 98.61
NeRF [6] 0.9723 0.0342 3.004 0.0984 99.38
scan118  DS-NeRF [23] 0.7852 0.0302 2.490 0.0888 99.43
RC-MVSNet [17] 7.091 0.0421 2.996 0.2476 97.69
Proposed 0.7282 0.0296 2.318 0.0855 99.45
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COLMAP

Scan9

RGB image

DS-NeRF RC-MVSNet Proposed

A\

COLMAP

Scan33

RGB image

DS-NeRF RC-MVSNet Proposed

Scan118

RGB image

DS-NeRF RC-MVSNet Proposed

Figure 7. Estimated depth maps for each method in DTU, where blue in the depth map indicates
close to the camera and red indicates far from the camera.

4.6. 3D Reconstruction

We reconstructed the 3D point clouds by applying depth map fusion [7,12,31] to the
depth maps estimated by COLMAP and the proposed method. In this experiment, we used
“Scan9”, “Scan33”, and “Scan118” from the DTU dataset, and multi-view images taken
outdoors by the authors.

Figure 8 shows the reconstructed 3D point clouds for COLMAP and the proposed
method. Note that the background regions are detected by image segmentation using
SAM [32] and are masked in the depth maps to reconstruct the 3D point clouds for better
visibility. In “scan 9”, the proposed method has fewer missing regions on the roofs of
building, and fewer outliers around chimneys and walls than COLMAP. In “scan33”,
COLMAP cannot reconstruct 3D points in the region with poor texture on the headset,
while the proposed method can reconstruct 3D points even in such a region. In “scan118”,
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the proposed method can reconstruct the 3D points in the region where COLMAP cannot.
In particular, in “scan118”, the proposed method has a wider reconstruction range than
COLMAP. These results indicate that the proposed method can reconstruct regions that
cannot be reconstructed by COLMAP by refining the depth map estimated by COLMAP.

scan9

scan33

scan118

Ground Truth COLMAP

Proposed

Figure 8. 3D point clouds reconstructed from estimated depth maps by COLMAP and the proposed
method in DTU.

We evaluate the applicability of the proposed method by performing 3D reconstruction
from multi-view images taken outdoors using an ordinary camera. The dataset consists
of 35 RGB images of “Shore to Shore”, which is a 14-foot bronze-cast sculpture located
in Vancouver’s Stanley Park, Canada, taken by the authors in June 2023. Figure 9 shows
examples of images used in this experiment. It is a difficult situation to apply multi-
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view stereo and NeRF to since not only the sculpture but also dynamic objects such as
tourists are in the image. Figure 10 shows the results of 3D reconstruction from multi-view
images using COLMAP and the proposed method. COLMAP reconstructs the details of the
sculpture, while there are many outliers on the object’s surface and at the object boundaries.
The proposed method reconstructs the sculpture with high accuracy due to there being few
outliers on the object’s surface. From the above, the proposed method can refine the depth
maps estimated by COLMAP in real-world environments.

Figure 9. Examples of images of ”Shore to Shore”, which is a 14-foot bronze-cast sculpture located in
Vancouver’s Stanley Park, Canada, taken by the authors in June 2023.

COLMAP Proposed

Figure 10. Three-dimensional point clouds reconstructed from depth maps estimated by COLMAP
and the proposed method in our dataset.

5. Conclusions

In this paper, we proposed a method to refine the depth maps obtained by MVS
through the iterative optimization of an MLP in NeRF. We focused on the fact that MVS can
accurately estimate depths in rich-texture regions and NeRF can accurately estimate depths
in poor-texture regions and object boundaries, and exploited the complementarity between
them. From the viewpoint of NeRE, this approach corresponds to overfitting the MLP with
training data, while we conceived of optimizing the MLPs using input images to refine their
depth maps. Through a set of experiments using the Redwood-3dscan dataset [19] and
the DTU dataset [20], we clearly demonstrated the effectiveness of the proposed method
compared to conventional methods. One of the challenging tasks in MVS is to reconstruct
the 3D shapes of transparent and translucent objects [33]. The method described in this
paper cannot reconstruct the 3D shapes of transparent and translucent objects since the
depth map estimated by COLMAP is used. The 3D shapes of transparent and translucent
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objects can be reconstructed by using photometric stereo, which estimates surface normals
from images taken by a camera under varying lighting [34]. NeRF can also consider the
degree of transparency on the rays to take into account transparent and translucent objects.
We expect that the combination of photometric stereo and the proposed method will be
effective in addressing this task. Thus, we will consider refining the depth maps obtained
by other MVS using the proposed method and also optimizing the camera parameters by
NeRF in our framework.
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Abstract: In the last decade, many neural network algorithms have been proposed to solve depth
reconstruction. Our focus is on reconstruction from images captured by multi-camera arrays which
are a grid of vertically and horizontally aligned cameras that are uniformly spaced. Training these
networks using supervised learning requires data with ground truth. Existing datasets are simulating
specific configurations. For example, they represent a fixed-size camera array or a fixed space between
cameras. When the distance between cameras is small, the array is said to be with a short baseline.
Light-field cameras, with a baseline of less than a centimeter, are for instance in this category. On the
contrary, an array with large space between cameras is said to be of a wide baseline. In this paper, we
present a purely virtual data generator to create large training datasets: this generator can adapt to any
camera array configuration. Parameters are for instance the size (number of cameras) and the distance
between two cameras. The generator creates virtual scenes by randomly selecting objects and textures
and following user-defined parameters like the disparity range or image parameters (resolution, color
space). Generated data are used only for the learning phase. They are unrealistic but can present
concrete challenges for disparity reconstruction such as thin elements and the random assignment of
textures to objects to avoid color bias. Our experiments focus on wide-baseline configuration which
requires more datasets. We validate the generator by testing the generated datasets with known
deep-learning approaches as well as depth reconstruction algorithms in order to validate them. The
validation experiments have proven successful.

Keywords: 3D vision; training database; deep learning; 3D reconstruction

1. Introduction

The principle of photogrammetric 3D reconstruction is to recover the depth of a scene
by exploiting the parallax existing on images acquired from different viewpoints. More
precisely, this means matching pixels from one image with others (co-homologous pixels,
i.e., projections of the same 3D point in images). The search space for co-homologous
pixels [1] varies according to the structured (aligned, planar) or unstructured (free position)
configuration of the cameras in the acquisition system. These variations have a decisive
influence on the process of reconstructing a 3D scene from images. In this paper, we
focus solely on 2D camera array configuration, where the principles of simplified epipolar
geometry [2] can be applied. Thanks to them, the search space is reduced to a single line
following the pixel grid of the image, i.e., vertical for vertically adjacent cameras and
horizontal for horizontally adjacent cameras.

In this configuration, the depth computation becomes a disparity computation (i.e.,
the computation of an offset of a number of pixels separating the co-homologous pixels
of 2 successive images in one of the horizontal or vertical axes). The use of deep neural
networks for photogrammetric 3D reconstruction had a significant impact on improving
state-of-the-art performance in terms of speed, accuracy, and robustness of reconstruction
in stereo and light field configurations. However, they require training datasets, of more
or less significant size depending on the camera configuration, usually including ground
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truth information. While reconstruction methods for light field cameras can be trained on a
small number of scenes (state-of-the-art methods can be trained with a few dozen scenes),
this is not the case for stereo and wide-baseline multi-view stereo configurations, which
require a high number of training scenes (several thousand) to be efficient. The main reason
for this is the wide range of correspondence search space. The light field configuration has
a disparity of approximately 10 pixels, while the stereo and camera array configurations
have a disparity range of around 200 pixels. The latter configurations, therefore, require a
larger amount of data to train the network.

Some contributions have attempted to work around this problem by proposing deep
neural network training without the need for ground-truth data, with either unsuper-
vised [3,4] or self-supervised training [5]. Other works propose virtual datasets that have
by construction more accurate ground truth data, and for some of them, more data [6,7].
However, a lot of these datasets only have a few dozen images and are thus more suited
for method evaluation rather than training.

In this paper, we propose a dataset generator, i.e., to create a high number of scenes,
and render them in the form of images and disparity maps, from a user-chosen set of
models and textures. We show that our approach allows for a fast generation of a training
dataset with enough variety to improve the results of deep learning methods for disparity
estimation. We also demonstrate that the proposed dataset is best used for first-step training
before fine-tuning is performed with a state-of-the-art dataset.

After a review of different types of available state-of-the-art datasets in Section 2,
we present our highly configurable generator and describe our training dataset and the
protocol for our experiments in Section 3. The experiments in Section 4 compare the use
of our dataset versus Li et al.’s dataset [7] for training. They highlight the relevance of
our training dataset, and hence such a generator, by comparing use cases with two deep
learning reconstruction methods [7,8], firstly, as a single source, secondly as a primary, and
finally as a fine-tuning dataset. We conclude and address future work in Section 5.

2. Related Work

In this section, we distinguish three types of available data to review the state-of-the-
art datasets/generators. The first is real data, where images are recorded through sensors, such
as cameras, possibly with ground truth using depth cameras, or Lidar sensors. The second is
hand-made virtual data, i.e., scenes that are manually created and rendered with 3D modeling
software but where scene conception and lighting are decided by a human being. The third
type is procedurally generated data, where scene conception is decided by an algorithm.

In Table 1, we summarize the features of discussed training datasets in this section.
For a more extensive review, please refer to [9].

Table 1. Summary of discussed training datasets and ours. MVS: Unstructured multi-view stereo, LF:
light field, #: number.

Reference Nature # Cameras Structure # Captures Resolution with GT
Mayer et al. [6] both 2 stereo ~25 k (200 real) 960 x 540 v
Lietal. [7] virtual 81 9 x 9 array 858 512 x 512 v
Scharstein et al. [10] real 2 stereo 6 512 x 384 v
Scharstein et al. [11] real 2 stereo 33 2864 x 1924 v
Menze et al. [12] real 2 stereo 400 1242 x 375 v
Schops et al. [13] real 4 MVS 38 6048 x 4032 v
Honauer et al. [14] virtual 81 9 x9LF 28 512 x 512 v
Butler et al. [15] virtual 2 stereo 1628 1024 x 436 v
Dosovitskiy et al. [16] virtual 2 stereo ~22 k 1024 x 768 v
Sabater et al. [17] real 16 camera array 12 2048 x 1088 X
Ours (for experiments) virtual 25 5 x 5 array 3978 1920 x 1080 v
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2.1. Real Datasets

Most of the real scene datasets were made for testing purposes rather than training.
Before the emergence of machine learning techniques in stereoscopic reconstruction meth-
ods, real scenes were provided as benchmarks for method evaluations, as for example
by Scharstein et al. [10,11]. More recently, several benchmarks were proposed for stereo
reconstruction and unstructured multi-view stereo reconstruction, made of real scenes
associated with their ground truth data, expressed in the form of a disparity or depth
map [11-13]. Early deep neural network methods, such as [18], were trainable on the small
number of scenes, offered by these datasets (around 20 scenes).

In 2015, Menze and Geiger [12] also proposed a set of 200 real training scenes for
the purpose of stereo disparity reconstruction on car-embedded cameras. The scenes are
exclusively driving scenes and serve the purpose of autonomous driving.

However, using real data involves handling the properties and imperfections of
physical image sensors (optical and color distortions). Correspondingly, when depth
is captured, it also means dealing with the inaccuracy of the depth sensor (noise), and
sometimes its inability to provide ground truth values in certain areas (highly reflective,
absorptive and transparent area, etc.). Moreover, due to their nature and size, none of
these real datasets are used as standalone training datasets by current deep neural network
methods. Nevertheless, the datasets can be also used for network fine-tuning, i.e., for
adapting the weights of a pre-trained neural network to a specific context.

2.2. Hand-Made Virtual Datasets

Virtual datasets allow to have precise and complete data with ground truth. In the
context of light field disparity reconstruction, Honauer et al. [14] proposed a benchmark
and a hand-made training dataset with 25 scenes. This low number of scenes, compared to
other configurations, is enough to train state-of-the-art methods for this configuration. Li
et al. [7] proposed a training and a testing dataset for a 9 x 9 wide-baseline camera array
with a disparity range of 50. The testing dataset is composed of 12 virtual hand-crafted
scenes and the training dataset also contains eight hand-crafted scenes.

While most of these proposed datasets have very few scenes, some efforts were made
in improving the scene variety by proposing datasets based on image sequences of animated
scenes instead of still scenes [6,15]. This allows for the creation of a higher number of
scenes than with hand-crafting scenes, within the same time span. However, the scenes
generated by this method do not increase the variety of objects in the dataset.

2.3. Procedurally Generated Datasets

Procedurally generated scenes can be used to have a large amount of data, without the
need for time-consuming human design. For the stereo configuration, Dosovitskiy et al. [16]
proposed a training dataset with various chair models that are randomly positioned. Mayer
et al. [6] proposed training and testing datasets with more variety in models based on the
ShapeNet [19] taxonomy. Furthermore, textures for this dataset are randomized based on
various existing and also procedurally generated images.

For camera arrays, Li et al. [7] proposed a similar process for generating a training
dataset with a nearly photo-realistic rendering. This dataset contains 345 scenes, with
images taken by a 9 x 9 camera array. While these images are very high quality, the
relatively small number of scenes makes it only practical for training lightweight neural
networks. The disparity range is set at 50 pixels disparity range. However, this range can
be extended to 200 pixels if you consider the dataset as a 3 x 3 camera array, by taking
the images on every fourth row and column. This dataset contains scenes with a realistic
rendering, although, they are in small numbers and thus are only efficient for training
lightweight neural networks—around 2 M weights for Li et al.

In summary, the state of the art lacks large datasets when it comes to 3D wide-baseline
camera array reconstruction, and even more so when it comes to network training, as many do
not have the necessary ground truth and/or do not have a sufficient quantity of data. Existing
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deep neural network methods rely on training on datasets of relatively small scale and thus
need to adapt to these small scale datasets, limiting their efficiency. We thus propose a way to
generate data suitable for training more heavyweight and data-sensitive neural networks.

3. Materials and Methods
3.1. Virtual Data Generator
3.1.1. Principle

The goal of our data generator is to be able to: (i) quickly generate a large number of
training scenes, with a great variety, for a two-dimensional camera array of a user-defined
size; (ii) render and save these scenes as different data (RGB, disparity) to provide a dataset
useful for 3D reconstruction methods. To be used in deep neural network supervised
training, these scenes must also have associated disparity ground truth. For this, the
principle is to randomly associate 3D models with a texture each, and randomly position
them in order to render scenes taken from a virtual N x M camera array with a regular
baseline, equal in the horizontal and vertical direction. The random selection of models
ensures diversity of scene content, while the random assignment of textures to objects
ensures that the method will not learn to recognize an object by its color, like green grass,
blue sky, etc., thus avoiding a shape-color association bias. Similarly, to avoid shape-object
association bias, we apply random scaling to each object on each axis.

Although the generated images are non-realistic, and quite unintelligible for a human
being, when taken as a whole as illustrated in Figure 1, their local geometry mimics the
variety of shapes and colors that can be found in real scenarios. It is thus possible to train
deep neural networks on such scenes.

Figure 1. Example of our generator output. An RGB rendering image of one scene (left) with its
disparity map (right) encoded on three RGB channels (see Section 3.1.3).

3.1.2. Parameters

Our proposed dataset generator allows for several types of parameters to be configured
through its configuration file:

—  Camera array configuration.

The number of cameras on each row and column (cam_grid_row, cam_grid_Col), as well
as the baseline (grid_spacing_row, grid_spacing_col), i.e., the space between two adjacent
cameras can be configured, one for each axis. This is one of the main factors in the disparity
range of the created dataset. The virtual camera array can also be selected in off-axis or
parallel disposition with the focus point parameter (focusPoint), although this paper focuses
on the parallel disposition. When the focus point is set to 0, the cameras are positioned in
parallel, otherwise, their vision pyramid is off-center to focus on it.

—  Camera parameters.

The configuration is the same for every camera on the array. The configuration of
their intrinsic matrix is realized with the following parameters: image resolution in pixel
(width_pixel, height_pixel), near and far parameters. The vertical field of view (fov) can also
be parameterized allowing for datasets from several types of cameras. As their positions in
the camera array are constrained, we do not propose extrinsic parameter selection. The
extrinsic matrix is fixed as the identity matrix since objects will be placed based on the
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camera field of view. It is modified according to the camera’s position in the grid. In
addition, for future work and the adaptability of our generator, we already integrated the
camera exposures (exposures). This will be useful for multi-exposed recording in a High
Dynamic Range reconstruction context. If several values are entered, each viewpoint is
rendered once with each exposure value.

The parameters in these two sections (Camera array configuration and Camera param-
eters) are used to generate the capture system of our generator (see line 4 of Algorithm 1).

Algorithm 1 CameraArrayDatasetGenerator ()
> A function for generating a dataset with ground truth from a camera Array respecting the
parameters described in the user configuration file

Input:  cfgFile > configuration file
Output: cam_grid_row x cam_grid_col RGB images with their disparity maps (see Table 2)

cfg = cfgFile contents
models = Load the models from the model file folder
texs = Load textures from the texture file folder
camArray = Generate the camera arrays, initialized with the camera parameters and
camera array configuration defined by the user in cfgFile
Create the OpenGL Context with a size set at (cfg.width_pixel, cfg.height_pixel)
for nbreCaptureToDo = cfg.number_of frame_to_render;
nbreCaptureToDo > 0; nbreCaptureToDo- =1 do
populateScene()
for each cam from camArray do
10: Render the view from cam with its disparity map and save the both in the
cfg.output_dir folder
11: end for
12: end for

R N

Table 2. Parameter list with their name in the configuration file and their value for the experiment.

Parameter Name in Configuration File = Experiment Value
camera array configuration

nb Camera in a Row cam_grid_row

nb Camera in a Column cam_grid_col

baseline in meters in row and column grid_spacing{_row, _col} 0.2

camera focus point (if off-center) focusPoint 0
camera parameters

image resolution in width width_pixel 1920

image resolution in height height_pixel 1080

Z near distance in meters near 0.1

Z far distance in meters far 1000

vertical field of view fov 60

Camera exposures exposures [1.0]
Scene configuration

Minimum and Maximum distances between object and camera array center object_range [2, 500]

(in meters)

Number of different models loaded in the scene n_models 51

number of repetition of model in a scene n_textures 3

rate of hidden visible [0.3,0.6]

scene number number_of_frame_to_render 4000

Number of different textures in the directory 108
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—  Scene configuration.

The major part of the configuration is on the scene. The minimum and maximum dis-
tances of objects can be set (object_range). However, these minimum and maximum values
are not hard limits, as they are only used to position the object centers themselves. Part of
the objects can still be in front of the minimum distance or behind the maximum distance.
As a side-effect, some of the scenes generated do not conform to the desired maximum
disparity. Other configuration parts are the different numbers of models (n_models) and
textures (n_textures) loaded and how many times a given model is loaded with a different
texture on a scene (n_textures). Finally, we propose to set the probability of hiding each
object on each new scene (visible). The probability can be set in a range of probabilities so
that some scenes are more or less full than others. Lastly, the user can set the number of
generated scenes (number_of_frame_to_render). The Algorithm 2 gives step-by-step the con-
struction of one randomly generated scene. In our model folder, we put only the required
untextured models for the training. Random selection from this folder is not needed as we
process models iteratively. This position is reflected in the Algorithm 2.

Algorithm 2 populateScene ()
> A function which randomly insert some randomly textured and distorted objects. The function
random(x,y) generates a random value between x and y with a uniform distribution.

Input:  ¢fg > configuration Structure
Input:  models > set of the loaded models
Input:  fexs > set of the loaded textures

1: proba = random(cfg.visible[0], cfg.visible[1])

2: for (i=0;i < cfg.n_models ; i++) do
3: for (j=0;j < cfg.n_textures ;j++) do

4: model = Clone of models|i]
5: tex = Random texture selection from texs
6: dispZMin = MIN (cfg.object_range[0]/$"", cf g.object_range[1)$7P)
7: dispZMax = MAX(cfg.object_range[0]/$7°, c fg.object_range[1]/87°P)
8: if (random(0,1) — proba) > 0 then
9 zpos = random(dispZMin, dispZMax)

10: Translate the model on the z-axis by zposm

11: else

12: Hide the model

13: end if

14: Randomly translate of model on the x-axis and y-axis to place it in the frustum

of the camera array

15: Randomly scale the model on each axis

16: Randomly rotate of model on each axis

17: Add model to the 3D scene

18: end for

19: end for

- Output.

Each rendered output (an RGB image with its disparity map) is saved in the defined
output directory (output_dir).

3.1.3. Implementation Details

We chose to implement our dataset generator as a webGL application using html and
javascript, with the electron API [20] and three]S [21]. Indeed, on the one hand, Three]s
is a well-known javascript 3D library in the computer graphic world, which has also the
advantage of already having a large number of mesh loaders (obj, ply, fbx, gltf, etc.). On
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the other hand, the web nature of this application allows it to be cross-platform and makes
it easy for others to reuse.

Meshes and textures are each in their own directory, which must contain at least
two items. Given the nature of our mesh data, we are currently only using the obj loader,
but integrating the other loaders should not pose any problems.

The output data (RGB image and disparity map) is rendered from each camera of the
array, using OpenGL rasterization [22] without incorporating any complex lighting effects
(no shadow, no transparency, etc.). We generate the color rendering and the disparity map
with two shader passes. We compute the depth as explained in [23] and we deduce from it
the disparity value with the properties of the cameras in the array. This disparity value ¢ is
instantly encoded in the shader as described in the following storage section.

The Algorithms 1 and 2 describe the global pipeline and main steps.

- Storage.

We save images and disparity maps as PNG images. Files are named as follows:

{tagHtype}{position}_{exp}.png where:

®  fagisa 21 alphanumeric scene label, randomly generated each time a new scene is
rendered. This label has around 4.8 x 10%? different possibilities.

®  typeis either rgb for pictures or depth for disparity maps.

®  position is a single number identifying the position of the view on the array. It iden-
tifies the view in a top-to-bottom, left-to-right order, i.e., if the position is (7,j) on a
cam_grid_row x cam_grid_col array, the position number will be i.cam_grid_col + j.

® exp is the exposure factor, a higher number means brighter images, and a lower
number means darker images. The exp value is the exposure value for RGB images
and 0 for ground truth disparity maps (file with type = depth).

The disparity values are encoded in a 32-bit fixed-point precision format, with pos-
sible values ranging from 0 to 8192. The disparity is encoded using the four channels of
the image:

*  Red channel encoding the coarsest part of disparity with a disparity step of 32.
®  Green channel encoding disparity with a step that is 256 times smaller, i.e., %.
e Blue channel encoding disparity with a step of ﬁ.

e Alpha channel encoding disparity with a step of 52&%88'

3.2. Creation of the Dataset

We propose a Full HD dataset for deep neural network training. It is taken from
a 5 x 5 camera array in a parallel disposition. Image sizes are 1920 x 1080. We set the
cameras near and far at 0.1 m and 1000 m, respectively, and the field of view at 60 degrees.

For models and textures, we took 51 models from the ShapeNet taxonomy [19], each
from a different semantic class, and 100 texture-like images from the Pixabay [24]. In each
scene, models are loaded three times with a random texture. Each textured model has a
probability to be hidden varying between 30 and 60%.

Objects are positioned in a random place within the field of view of the camera array
and at a distance between 2 and 500 m. To smooth disparity repartition the positioning is
not uniform but based on the distance. The likelihood of an object being put at a given
distance is % with x the distance to the camera array center. This means that objects are

more likely to be put closer to the camera array than further. Combined with our rescaling
making objects that are bigger, gives a smoother distribution.

The baseline for the camera array is set to 0.2 m for the horizontal and vertical axis. This
gives this camera array a disparity range of 128 (from 0 to 128). We rendered 4000 images
and the output datasets have a size of 185 GB and 526 GB, respectively. From this dataset, we
remove the scenes with disparity outside the target range, which leaves us with 3978 scenes.
The Table 2 summarizes the parameter settings. Since we do not experiment on multi-
exposed camera arrays, the exposure value is always set to 1 in our experiments.
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The generated dataset, which is also the one used in our experiments and following
the configuration given in this article, is freely available to the community (see Data
Availability Statement).

3.3. Protocol for Experiments

With the proposed camera array, we conduct experiments on a 3 x 3 configuration by
taking views on every other row and column of our 5 x 5 dataset. For the training dataset,
the disparity range is 0-256 in the 3 x 3 configuration. For experiments, we compare the
results obtained by two deep neural network methods from Li et al. [7] and Barrios et al. [8].
It should be noted that our aim is not to compare these methods with each other, but only
to compare the contribution of our dataset to these methods, without or with a fine-tuning.

—  Considered training datasets

As shown in the related work section, no dataset with ground-truth exists in the
literature suitable for training heavyweight and data-sensitive neural networks, in order to
estimate disparities within a context of a wide-baseline camera array. As illustrated in the
Table 1, only the Li et al. [7] dataset has ground truth, even though it was not originally
designed for use in a wide-baseline scenario. The considered training dataset thus are the
datasets described in this paper and the one proposed by Li et al. in [7]. Networks are
trained with the same amount of iterations on either dataset. We then compare the results
obtained by methods on Li et al.’s testing dataset, for the 3 x 3 configurations. We also
propose experiments on training with one of these two datasets and refinement with the
other. The refinement part consists of 10k additional iterations, with a learning rate fixed at
1073 throughout the process for every network and dataset considered.

- Test metrics

For comparison, we use the metrics bad x that are used by Li et al. in their paper and
also on the Middlebury Stereo website [25]. The metric bad x is the percentage of pixels for
which the absolute error, when the resulting disparity is compared to the ground truth, is
greater than x.

For comparison to ground truth, we use the testing dataset proposed by Li et al. in [7].
This dataset is originally a 9 x 9 testing dataset with a disparity range of 50 (from 0 to 50).
For our experiments, we will use this dataset with a 3 x 3 array by using one in every four
columns. The disparity ranges will thus be 200 for the 3 x 3 configuration. Due to the
different configurations and disparity ranges, we adapt the metrics used by the Middlebury
stereo benchmark [25]. We use for the 3 x 3 configuration, bad 0.5, 1, 2, and 4, similar to
the main metrics on the reference.

- Tested methods

Two deep neural network methods are tested. The first one, proposed by Li et al. in [7],
is a lightweight neural network with less than 2 M weights. It computes a disparity map
mainly through convolution neural networks following the classical structure of disparity
inference with deep neural networks [9].

The second tested method, proposed by Barrios et al. [8], is a neural network that
computes disparity maps in two parts, following a similar structure. The first part computes
a downsampled disparity map and the second step computes a residual disparity map
from low to high resolution. The network has 5 M weights in total, with the second step
counting more than 4 M weights.

These networks are trained on each dataset with the number of iterations or training
time indicated on their respective papers, i.e., 1.5 M iterations for Barrios et al. [8] and
250 k iterations corresponding to the training time indicated on the paper [7].
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4. Results and Discussion
4.1. General Results on the 3 x 3 Configuration

The results with the proposed metrics are shown in Table 3 for the 3 x 3 configuration.
The results shown are the average results of the training performed.

Table 3. Comparison of results between training with either our dataset and the one proposed in
Li et al.’s work [7]. “Bad x” metrics represent the percentage of pixels for which the difference to
ground truth is higher than x. Lower is better. Bold values have the lowest errors for their respective
method and metric.

Method Training Dataset Bad 0.5 Bad 1 Bad 2 Bad 4
Results with a 3 x 3 configuration
Lietal. [7] 23.95 12.58 7.70 5.85
25.4 11.4 4 4.
Lietal [7] ’ Ours ' 5.40 9 6.46 60
[7] fine-tuned with ours 27.27 14.95 10.14 7.74
Ours fine-tuned with [7] 22.90 10.28 5.78 3.96
Lietal. [7] 16.60 11.46 8.22 5.75
. Ours 14.96 8.27 5.33 3.59
Barrios et al. [8] . .
[7] fine-tuned with ours 20.14 12.78 9.19 6.79
Ours fine-tuned with [7] 12.23 7.51 4.60 2.98

On the 3 x 3 configuration, the results show that the use of our training dataset
instead of that of Li et al. strongly improves results for the bad 2 and bad 4 metrics for
both considered neural networks. For example, with Li et al.’s method, the bad 4 metric
is 5.85 when trained with their dataset and 4.60 when trained with ours. While this 3 x 3
configuration is not optimal for Li et al., it remains a possible configuration for their
method and our training dataset shows improvement. With the network from Barrios et al.
using our training dataset improves the results from 5.75 to 3.59 for bad 4. With higher
tolerance thresholds, these metrics can identify the outliers in reconstruction. Since a lower
error rate means greater robustness, we can, therefore, conclude that using our training
dataset instead of Li et al.’s significantly improves the robustness of deep neural networks.
This is especially visible on images with thin elements, for example, on the image shown
in Figure 2. In this figure, the thin elements are correctly reconstructed with a network
trained with our dataset when it is not with networks trained on the dataset of [7]. This
can be seen in the third column of the figure, where bars are more efficiently reconstructed
when our training dataset is used.

When considering fine precision (bad 0.5), the results are different depending on the
method that is considered. While training with our dataset improves the results obtained
with the network from Barrios et al. [8] (with a bad 0.5 of 14.96 versus 16.60), they degrade
the results with Li et al. (with 25.40 versus 23.95). This puts forward the main limitation
of our dataset. As we chose rasterization as our method of rendering, some low textures
and light effects are not taken into account. Our training dataset thus underperforms, even
compared to the one in [7] when images contain low texture and light effects, as can be
seen in Figure 3. The zone below the teddy arm on the right is not reconstructed correctly
when the methods are trained with our dataset.

Moreover, optimal results are obtained when the network trained with our training
dataset is fine-tuned with Li et al.’s dataset. This fine-tuning results in a better reconstruc-
tion rate than without fine-tuning regardless of the network, the training dataset, or the
bad metric considered. These results are shown in the last column in Figures 2 and 3. For
each scene presented, detailed numerical results, shown in Table 4, confirm the conclusion
but also indicate that on some views, results can be degraded by the fine-tuning step.
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Method : Barrios et al. Method @ Barrios et al. Method : Barrios et al.
Ground truth Dataset : Qurs Dataset ; Liet al, Dataset : Ours refined with Li et al,
Al T AT
(i A Al
Method : Li et al. Method : Li et al. Method : Li et al.
Reference image Dataset : Durs Dataset ; Li et al, Dataset : Ours refined with Li et al,

Method : Barrios et al. Method : Barrios et al. Method : Barrios et al.
Ground truth Dataset : Qurs Dataset ; Liet al, Dataset : Durs refined with L et al,

Mathod : Li et al. Methad : Li et al. Method : Li et al.
Refarence image Dataszet : Ours Dataset : Li &t al, Dataset : Ours refined with U et al,

Method : Barrios et al. Method : Barrios et al. Method : Barrios et al.
Growrnd truth Dataset : Ours Dataset : Li et al, Dataset : Ours refined with U et al,

Method : Li et al. Method : Li et al. Method : Li et al.
Refarence image Dataset : Ours Dataset : Liet al, Dataset : Ours refined with Li et al,

Figure 2. Difference of disparity maps between networks trained with ours and Li et al.’s with
examples of images containing thin elements, taken from Li et al.’s [7] and Barrios et al.’s [8] test
dataset. The red squares are zooms of a detailed part of the image.

Method : Barrios et al. Methaod : Barrios et al. Method : Barrios et al.
Ground truth Dataset : Ours Dataset : Li et al, Dataset : Qurs refined with Li et al,
Method : Li et al. Method : Li et al. Method : Li et al.
Reference image Dataset : Ours Dataset : Li et al, Datasat : Ours refinad with Li et al,

Figure 3. Difference of disparity maps between networks trained with ours and Li et al.’s with an
example image some bright untextured elements. Images are taken from Li et al.’s [7] and Barrios
et al.’s [8] test dataset. The red squares are zooms of a detailed part of the image.
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Table 4. Comparison of results between training with either our dataset and the one proposed in Li
et al.’s work [7] on some specific views. “Bad x” metrics represent the percentage of pixels for which
the difference to ground truth is higher than x. Lower is better. Bold values have the lowest errors for
their respective method and metric.

Method Training Dataset Bad 0.5 Bad 1 Bad 2 Bad 4
Results for view #1, “Cot”
Lietal. [7] 32.52 20.56 15.95 13.73
26.72 14.07 2 7.
Lietal [7] . Ours ‘ 6 0 9.23 00
[7] fine-tuned with ours 29.28 19.14 15.45 13.32
Ours fine-tuned with [7] 29.47 15.14 10.13 7.88
Lietal. [7] 32.01 26.77 22.73 18.97
. Ours 21.96 14.67 10.01 6.86
Barrios et al. [8] . .
[7] fine-tuned with ours 33.10 27.94 24.58 20.96
Ours fine-tuned with [7] 21.51 13.35 8.10 5.20
Results for view #2, “Furniture”
Lietal. [7] 12.72 5.59 2.97 2.14
24.77 7.84 2.04 1.17
Lietal. [7] _ Ours 8 0
[7] fine-tuned with ours 30.40 16.40 1142 9.07
Ours fine-tuned with [7] 16.53 5.08 1.96 1.10
Lietal. [7] 7.10 3.93 247 1.52
. Ours 11.41 2.59 1.31 0.66
Barrios et al. [8] . .
[7] fine-tuned with ours 10.85 497 2.88 1.82
Ours fine-tuned with [7] 5.56 2.43 1.24 0.63
Results for view #3, “Sidebars”
Lietal. [7] 38.98 31.84 26.46 22.87
. Ours 38.19 26.22 19.65 15.74
Lietal. [7] . .
[7] fine-tuned with ours 43.85 35.44 30.06 26.06
Ours fine-tuned with [7] 35.56 26.17 19.56 15.35
Lietal. [7] 42.08 36.69 30.97 24.75
. Ours 36.65 28.02 22.20 17.44
Barrios et al. [8] . .
[7] fine-tuned with ours 45.21 39.40 35.47 30.93
Ours fine-tuned with [7] 34.21 26.98 20.78 15.96
Results for view #4, “Teddy Bears”
Lietal. [7] 22.98 8.23 3.85 2.83
21. .37 54 2.
Lietal. [7] . Ours . 38 6.3 35 88
[7] fine-tuned with ours 17.07 5.54 3.47 2.84
Ours fine-tuned with [7] 22.86 6.74 3.22 2.18
Lietal. [7] 10.51 5.66 3.29 2.05
(@) 8.00 4.66 27 2.55
Barrios et al. [8] - urs - 3
[7] fine-tuned with ours 11.31 5.37 3.11 1.89
Ours fine-tuned with [7] 7.26 4.16 2.51 1.67

As shown in detail in Table 5, the fine-tuning process improves results on some pixels
and degrades them on others. For example, Li et al.’s neural network using our dataset
in initial training with a fine-tuning with the dataset of Li et al. (see Table 5), allows
9.92% and 7.21% of pixels to go from bad 1 to bad 0.5 and vice versa. Those values are
4.13% and 2.50%, respectively, for the method of Barrios et al. We can, however, note that
for both neural networks considered the amount of pixels improved is higher than the
amount of pixels degraded (15.82% vs. 11.15% in the method of Li et al. and 7.71% vs.
5.63% for the method of Barrios et al.), whether this is in total (on the first column of the
tables) or when considering evolution from any two categories (considering two opposed
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categories, e.g., from errors between 0.5 and 1 to error smaller than 0.5 compared with the
inverse evolution).

However, when the training and fine-tuning datasets are swapped, i.e., training is
conducted with the dataset from Li et al. [7] and fine-tuning with our dataset, the results are
significantly degraded. The third rows of each section of Table 3 show that results with this
choice of training are worse than even non-fine-tuned training. We can thus conclude that
our training dataset is not relevant for fine-tuning purposes. As the results are significantly
worse with this reversed training, we do not propose a detailed analysis of the evolution as
we did in the previous case.

Table 5. Evolution in results between training with our dataset with and without fine-tuning on Li
et al’s dataset [7]. The numbers correspond to the percentage of pixels that change category with the
addition of fine-tuning. Green values under the diagonal show the pixels whose category is improved
with fine-tuning, and red values above the diagonal show the pixels whose category is degraded with
fine-tuning. The white values on the diagonal show the pixel for which there is no change of category.

Evolution between Training with Our Dataset only (Row) and Training with Fine-Tuning (Column)

Lietal. [7] 0<err<0.5 05<err<1 1 <error<2 2<err<4 err > 4
Category improved = 0 < err < 0.5 64.65 7.21 1.22 0.18 0.17
15.82 05 <err<l1 9.92 3.42 1.07 0.18 0.15
1<err<2 1.95 1.46 1.35 0.38 0.23
Category degraded 2<err<4 0.26 0.25 0.48 0.57 0.36
11.15 err > 4 0.32 0.27 0.4 0.51 3.05
Barrios et al. [7] 0<err<0.5 05<err<1 1 <error<2 2<err<4 err >4
Category improved = 0 < err<0.5 81.41 2.50 0.70 0.27 0.17
7.71 05 <err<l1 4.13 1.50 0.70 0.24 0.12
1<err<2 0.73 0.67 0.92 0.41 0.21
Category degraded 2<err<4 0.28 0.23 0.40 0.51 0.31
5.63 err > 4 0.27 0.22 0.33 0.45 2.32
4.2. Comparison with Data-Sensitive Networks
When considering solely the network from Barrios et al. [8], two things must be con-
sidered. First, when comparing training with either our dataset or Li et al.’s alone, Table 3
shows that using our dataset gives better results in every metric, whether it considers
fine reconstruction or outliers. This is mostly due to the refinement step that is more data
sensitive than the network from Li et al. and thus is not efficiently trained by Li et al.’s
smaller-scale training dataset. This is also visible with the results in Table 6. When we only
consider the downsampled disparity map of Barrios et al. [8] that was computed with a
very lightweight network that has an overall structure similar to the one in [7], we observe
the same behavior [7], i.e., better robustness but less overall precision when trained with
our dataset compared to Li et al.’s.
Table 6. Comparison of results between training with either our dataset and the one proposed in
Li et al.’s work [7]. These comparisons of error are conducted for the small resolution and high-
resolution disparity maps obtained by the neural network proposed by Barrios et al. [8]. Bold values
have the lowest errors for their respective method and metric.
Output from [8] Training Dataset Bad 0.5 Bad 1 Bad 2 Bad 4
Results with a 3 x 3 configuration
Lietal. [7] 16.39 11.37 8.42 6.30
. Ours 17.15 10.26 7.42 543
Small resolution (downsampled) [7] fine-tuned with ours 20.96 12.86 9.43 7.26
Ours fine-tuned with [7] 14.61 9.60 6.78 4.89
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Table 6. Cont.

Output from [8] Training Dataset Bad 0.5 Bad 1 Bad 2 Bad 4
Lietal. [7] 16.60 11.46 8.22 5.75
Ours 14.96 8.27 5.33 3.59
High luti led
igh resolution (upsampled) — o ith ours 2014 12.78 9.19 6.79
Ours fine-tuned with [7] 12.23 7.51 4.60 2.98

Second, fine-tuning is less efficient when conducted on the refinement step of this
method, as proved by the results obtained by turning on or off fine-tuning on the last part
of the network in Table 7.

Table 7. Comparison of quality of results between turning on or off fine-tuning of the refinement part
on the method proposed by Barrios et al. [8]

Variant Bad 0.5 Bad 1 Bad 2 Bad 4
No fine-tuning at all 14.96 8.27 5.33 3.59
Fine-tuning on every part 13.11 8.00 4.99 Sil3
Fine-tuning except on the refinement part 12.23 7.51 4.60 2.98

5. Conclusions and Future Work

We introduced a dataset generator to automatically compose scenes and render them
as a set of images and disparity maps with a large variety from a set of user-defined models
and textures. The scenes that we generate are nowhere near realistic in terms of color and
their composition (layout of objects). Nevertheless, they present geometric challenges that
are found in realistic scenes and avoid any shape-color association bias. As we opted for
the very fast but limited rasterization render method, some light effects are not present
in our dataset and methods trained with it cannot process them correctly. However, we
showed that a short fine-tuning step on a smaller dataset that does take these light effects
into account not only resolves this problem but obtains overall more stable results.

Future work includes testing different disparity ranges, from the very short disparity
range as in lightfield configuration to wider disparity ranges, like what was proposed in
this work. The objective would be to assert the amount of data required to train methods
depending on the target disparity range. Another future work possibility is to find a
compromise between the speed of rendering and its quality and accounting for specific
light effects by changing the rendering engine to more modern engines that can provide
fast rendering with a higher visual quality, such as Unreal Engine [26] or NVIDIA Omni-
verse [27]. In addition, it would also be interesting to extend our experiments by using a
testing dataset consisting of real data and ground truths obtained by LIDAR technology.
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