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Abstract

Three-dimensional (3D) spatial image services reconstruct realistic and high-resolution 3D environments from large-scale
collections of two-dimensional (2D) images, with applications spanning the metaverse, cultural heritage preservation, and industrial
monitoring. The generation of 3D content typically involves point cloud construction, mesh generation, and texture mapping, and
has been the subject of extensive research. However, existing algorithms and processing pipelines often suffer from limited
processing speed and image quality. To overcome these limitations, this paper presents an efficient pipeline for large-scale and
high-resolution 3D spatial image reconstruction. The proposed system supports automated image grouping and distributed processing
for dense point cloud generation, adaptive mesh reconstruction, and color mapping based on color continuity. This design enables
faster processing of massive datasets while preserving or enhancing visual quality compared to conventional methods. Experimental
results demonstrate that the proposed pipeline achieves superior image quality while significantly improving processing speed. This
approach facilitates fast and accurate 3D data generation and is expected to be effectively utilized in various immersive services.
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[. Introduction

3D spatial imaging service uses 2D images acquired with
still camera to reconstruct a more realistic 3D space and
then provides it to users in various ways. The service
makes it possible to reconstruct large areas of space, in-
cluding precise restoration of small objects. It can accu-
rately measure, record, and restore small objects as well as
large spaces over time. For these reasons, demand for these
more realistic 3D spatial image services has recently been
rapidly increasing across various fields, including culture,
industry, and games, including the metaverse [1, 2]. To
meet this growing demand, related technology development
is actively underway. The need to build 3D data for precise
cultural heritage preservation and restoration further em-
phasizes the importance of these technologies [3]. The us-
ability of cultural heritage can be greatly improved by pre-
cisely recording and preserving original cultural heritage
data using point cloud-based 3D spatial imaging technol-
ogy [4]. And, 3D spatial imaging services for wide-area
spaces enable efficient data analysis in large-scale environ-
ments and can be used not only in industries such as con-
struction and facility management, but also in more real-

istic metaverse services.
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According to these demands, precise and efficient data
processing technology in terms of optimized processing
time for large-scale data and generation of high-quality 3D
spatial images is essential. In [5], various surface re-
construction methods from point clouds were systemati-
cally categorized and compared, including Delaunay
Triangulation, Poisson Reconstruction, and Implicit
Function-based approaches. The paper evaluates their accu-
racy, computational efficiency, and robustness to noise,
helping to determine the most suitable method for different
applications. Similarly, [6] provides a comprehensive re-
view of surface reconstruction techniques, focusing on
Poisson-based reconstruction, Marching Cubes, and volu-
metric methods. It discusses the impact of point cloud den-
sity, noise levels, and sampling irregularities on re-
construction quality while highlighting the potential of
deep learning-based approaches. In [7], an automated mul-
ti-view stereo (MVS) pipeline was developed to reconstruct
3D spaces from large-scale community image datasets. The
system integrates point cloud generation, mesh con-
struction, and texture mapping to create detailed 3D
models. However, it struggles with diverse and un-
structured image datasets, leading to lower resolution and
incomplete surfaces, while also suffering from slow proc-
essing speeds due to the large-scale computations involved.
In [8], a method for fast and accurate 3D reconstruction
from multiple images was introduced. It enhances feature
matching, depth estimation, and adaptive mesh refinement,
improving both precision and computational efficiency.
However, its performance is optimized for controlled envi-
ronments and remains less effective in complex, real-world
scenes with occlusions and varying lighting conditions. The
above-mentioned studies are for different research direc-
tions and focus on presenting methodologies to solve spe-
cific problems. Especially, notably those represented by
COLMAP [7][9][10][14], support a fully automated pipe-
line comprising feature extraction, matching,
ture-from-motion (SfM), multi-view stereo (MVS), and

struc-
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mesh reconstruction, thereby enabling the generation of
high-quality point clouds from input images. However,
COLMAP suffers from limitations such as slow processing
speed during the MVS stage and a lack of distributed proc-
essing support, which render it less suitable for applications
involving large-scale 3D spatial image generation as pro-
posed in this study. Recent neural reconstruction methods
such as NeRF have achieved impressive photorealistic re-
sults, but they require heavy training data and computation,
limiting scalability. In contrast, our pipeline emphasizes
distributed efficiency and practical applicability for
large-scale datasets.

Therefore, in order to satisfy the two requirements of op-
timized less processing time and high-quality 3D spatial
image generation, this paper proposes the design and im-
plementation of a point cloud-based 3D spatial image gen-
eration pipeline that distinctly stands out in comparison to
previous approaches. The proposed pipeline integrates ad-
vanced algorithms for point cloud generation, adaptive
meshing, and color mapping into a unified system that sig-
nificantly enhances the efficiency and accuracy of 3D spa-
tial reconstruction. By meticulously optimizing each of
these algorithms, the pipeline not only achieves faster 3D
reconstruction but also produces more refined and high-
er-quality 3D spatial images than conventional methods.
One of the key differentiators of this approach is its in-
corporation of an automated distributed processing mecha-
nism, which efficiently handles large-scale datasets while
reducing computational bottlenecks. This mechanism en-
ables a substantial reduction in processing time, partic-
ularly when dealing with massive, unstructured data, which
is a known challenge in existing methods as shown in [7].
Furthermore, the pipeline implemented in this paper in-
cludes an innovative real-time monitoring feature, enabling
users to evaluate intermediate outputs at each stage of
processing. This feature allows for continuous iterative
feedback, facilitating ongoing quality improvements

throughout the workflow. In contrast to previous systems,

where quality control is often limited to final outputs or
specific checkpoints, this real-time capability provides a
more dynamic and adaptable approach to 3D
reconstruction. The proposed 3D spatial imaging pipeline
is capable of generating rapid, precise, and high-resolution
3D spatial images from 2D images captured by cameras,
making it a significant advancement in the field. This capa-
bility enables the delivery of highly realistic and versatile
3D immersive imaging services, meeting the demands of
a wide range of applications, including virtual reality, re-
al-time modeling, and interactive spatial visualizations
fields that require both speed and accuracy, and where
many existing methods, as reviewed in [5] and [6], face
limitations in terms of computational efficiency and quality
consistency. In addition to improving reconstruction speed
and quality, the proposed real-time monitoring feature is
expected to enhance overall workflow efficiency by en-
abling early detection of errors and reducing unnecessary
reprocessing. While this paper focuses on the design and
implementation of the monitoring mechanism, a more de-
tailed quantitative evaluation of its impact on actual work
processes will be addressed in future research. The main
contributions of this study are: (1) automatic image group-
ing with distributed SIM/MVS, (2) integration of adaptive
meshing and vertex-based color mapping, and (3) in-
corporation of real-time monitoring to improve workflow

efficiency.

Il. Proposed 3D reconstruction
1. System configuration

The point-cloud based 3D view generation process in
this paper consists of point cloud generation function,
adaptive meshing function, and color mapping function.

First, in the point cloud generation function, tens to thou-

sands of images obtained from cameras are input and the
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similarities of the images are analyzed. Images are grouped
using the analyzed results, and a multi-pipeline is con-
figured according to the number of groupings to enable dis-
tributed processing. Then, the feature points of each group
image are extracted and a point cloud is generated by se-
quentially performing sparse reconstruction and dense
reconstruction. Second, in the adaptive meshing function,
mesh generation is performed by applying the geometric
characteristics of point cloud data. In other words, a more
efficient mesh is created by scanning the mesh plane and
integrating similar planes into one. Third, in color mapping
function, color mapping is performed according to an algo-
rithm that can maintain the consistency of color values be-
tween adjacent vertexes.

Therefore, the point cloud-based 3D spatial image gen-
eration technology proposed in this paper integrates the fol-
lowing technologies to generate faster and more precise

spatial images.

e Approach for configuring a multi-pipeline that auto-
matically classifies and groups similar images from
the acquired dataset, enabling parallel processing pipe-
lines that improve the efficiency and speed of data
handling for large-scale image collections.

¢ Point cloud generation approach that identifies and ex-

tracts key feature points from images, allowing for the
generation of a dense point cloud with higher pre-
cision and resolution than conventional methods. This
technique enhances the quality and accuracy of the 3D
model by ensuring more accurate depth and spatial
information.

e Adaptive meshing approach that analyzes the geo-
metric properties of the dense point cloud to create a
more efficient and optimized mesh. This process ad-
justs the mesh topology based on the underlying struc-
ture of the point cloud, ensuring smoother and more
accurate surface representations.

e Color mapping approach that ensures visual con-
sistency by performing a detailed analysis of the re-
lationship between the generated mesh and the orig-
inal images. This mapping ensures that texture and
color are applied accurately across the model, pre-
serving realistic visual continuity in the final 3D
rendering.

¢ Distributed processing approach designed to reduce
overall processing time by splitting the computational
load across multiple servers. Each server handles a
specific part of the multi-pipeline process, ensuring
faster execution of the entire workflow while main-

taining scalability for large datasets.
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Fig. 1. The proposed block diagram of 3D spatial image generation
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As mentioned above, the proposed pipeline consists of
a pipeline manager, a point cloud generation module, an
adaptive meshing module, and a color mapping module as
described in Figure 1. To enable the generation of 3D spa-
tial video content, we designed a system that allows users
to construct various types of processing pipelines through
an intuitive user interface. For efficient handling of
large-scale image inputs, a distributed processing frame-
work was implemented to rapidly generate point cloud
data. To facilitate effective mesh generation from the re-
sulting point clouds, we developed a plane-based meshing
technique. Additionally, a color mapping method was de-
signed to ensure continuity and coherence of color across
the generated meshes. Furthermore, a real-time monitoring
feature was integrated to allow continuous inspection of
each processing stage.

To complement the block diagram in Figure 1 and to im-
prove readability, Table 1 provides a step-by-step summary
of the proposed pipeline and contrasts it with the
COLMAP pipeline. This tabular representation highlights
the structural differences between the two systems, allow-
ing readers to easily grasp the unique contributions of our
method.

The following section 2.2 provides a detailed ex-
planation of point cloud generation, section 2.3 delves
into adaptive meshing, and section 2.4 discusses color

mapping in detail.

1. 2 =20|M HMAISH Tjo|=2ielnt COLMAPS] =8 7|5 |1
Table 1. Comparison of Proposed Pipeline and COLMAP

2. Point cloud generation

2.1 Sparse point cloud generation using distributed

processing

As the number of image data increases, inefficiencies in
generating sparse spatial data and quality degradation due
to cumulative errors become significantly pronounced,
highlighting the need for distributed processing through
sub-grouping. For efficient processing of large-scale image
groups, it is essential to rapidly sub-group the data, effi-
ciently distribute and merge each sub-group, and manage
the progress of each sub-group. To address this, a technol-
ogy was developed to quickly group large-scale image da-
ta, generate sparse spatial data for each group in multiple
servers, and merge the results Figure 2 is the basic concept
of the proposed distributed processing-based 3D
reconstruction. Compared to COLMAP [9], the proposed
method can generate the scene graph and sparse spatial da-
ta in a distributed manner.

The proposed method accelerates the scene graph gen-
eration process by utilizing multi-machine distributed proc-
essing during both the SIFT feature extraction and match-
ing stages. In the feature extraction stage, the master PC
partitions the input images according to the number of
available GPUs and assigns them to multiple servers. Each
server independently extracts SIFT feature points and gen-

erates a local database, which is later merged by the master

Step Proposed Pipeline

COLMAP Pipeline

Input Data Handling

Automatic similarity analysis and grouping of images
— multi-pipeline distributed processing

Single pipeline, limited scalability for large-scale
datasets

Point Cloud Generation .
processing support

Sparse + Dense reconstruction with distributed

Sparse + Dense reconstruction in a single pipeline

Meshing

Adaptive meshing (plane-based optimization)

General mesh reconstruction without adaptive
optimization

Color Mapping

Consistency-preserving algorithm ensuring coherent
color values across adjacent vertices

Basic texture mapping applied after reconstruction

Monitoring iterative quality control

Real-time monitoring of intermediate outputs for

Quality control mainly limited to final outputs or
specific checkpoints
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View graph and sparse sub-group
generation through distributed processing
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Merge of sparse
sub-groups

Fig. 2. Basic concept of distributed processing-based 3D reconstruction

PC into a unified feature point database.

During the distributed matching stage, the master PC dis-
tributes the consolidated database to all servers, where ex-
haustive feature matching is performed between image
pairs. To accelerate this computationally intensive step, the
matching array is partitioned based on the number of
GPUs, and each GPU conducts exhaustive matching on its
assigned subset in parallel.

Following scene graph generation, the method also en-
hances the efficiency of sparse spatial data reconstruction
by employing distributed processing combined with scene
graph partitioning. The image set is divided into several
groups, each assigned to one of NNN servers for in-
dependent sparse reconstruction. Scene graph partitioning
is carried out on the master PC using the Normalized Cut
algorithm as proposed in GraphSfM [10].

Once the sparse spatial data generation is complete, each
group is transformed into a world coordinate system. Each
subgroup’s sparse spatial data exists in its own local coor-
dinate system; therefore, to merge them, the datasets must
be transformed into a common world coordinate system.

To achieve this, a similarity transformation matrix

(comprising rotation, translation, and scale) must be esti-
mated to convert the 3D feature points and camera poses

of each sparse spatial dataset into the world coordinates.

PP o b ok ch e e 2R E
ITEEESEEsEEEEEERE

Subgroup 1 ‘ - Subgroup 2

Subgroup 3

Merged subgroups

Dense point cloud
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Fig. 3. An example of the sparse reconstruction and dense point cloud
generation from the Jukseong church in Busan dataset by using the
proposed distributed processing and the dense point cloud generation
methods
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In the merging process, the similarity transformation matrix
is calculated using the gDLS(generalized Direct Least
Squares) algorithm [11] with RANSAC based on the cam-
era parameters and the 3D coordinates of features between
the generated groups. After that, the obtained similarity
transformation matrix is used to transform the camera pa-
rameters and the 3D coordinates of features of each group
into the same coordinate system. During the merging of
sparse spatial data, the merging order begins with sub-
groups that yield lower errors in similarity transformation.

Figure 3 shows an example of the sparse reconstruction
and dense point cloud generation from the Jukseong church
in Busan dataset by using the proposed distributed process-

ing and the dense point cloud generation methods.

2.2 Dense point cloud generation based on

multi-view stereo

After obtaining the sparse spatial data, a dense point
cloud is generated for each group. Generating a dense point
cloud seeks to accurately capture the structure of scenes
and objects in multi-view images as a 3D point cloud by
leveraging both the images and camera parameters. The
most crucial step in this process is deriving high-quality
dense depth maps from these images.

From the camera parameters computed in the sparse spa-
tial data generation step, high-quality dense depth maps are
obtained by combining depth maps generated using the tra-
ditional PatchMatch [12] technique with a triangular
model.

PatchMatch approaches can achieve relatively accurate

depth values in textured or detailed areas, while triangular

models more reliably represent surfaces in low-textured
regions. ACMP [13] integrated a planar prior information
to the matching cost in the PatchMatch process to utilize
the strength of both approaches. However, because the sol-
ution space, or set of hypotheses, is not adjusted during
the matching process, the planar prior is not fully in-
tegrated into the depth map generated by PatchMatch.

The proposed method reduces the solution space for each
pixel, effectively simplifying the integration of the planar
prior with the initial depth values computed by
PatchMatch. By incorporating a sufficient planar prior into
the depth map, the result serves as an improved initializa-
tion for subsequent PatchMatch processes [14].

Additionally, the proposed method refines the planar pri-
ors before the combination process, improving the reli-
ability of the planar parameters [14].

Figure 4 shows the overall procedure of the proposed
dense depth map generation method. In the depth map gen-
eration, first, initial depth and normal maps are obtained
from the original images by the PatchMatch method. After
that, a triangular model is generated from the selected no-
des, and an initial planar prior is computed from the trian-
gular model. The initial planar prior is then refined by ap-
plying a bilateral approach. The planar prior is combined
with the initial depth and normal maps using a simple se-
lection method [14]. Throughout the simple and efficient
combining process, we can enhance depth estimation accu-
racy in low-textured areas, where existing PatchMatch-
based methods have struggled, and in detailed regions,
where the triangular model has limitations in surface

representation.

Original Initial depth map Triangular
I n;ga . =»| and normal map [== model
& generation generation

Depth Map
= with
Planar Prior

Planar prior
refinement

Combining
Planar prior

)

J2 4. =2 Zo| W MY ol et TA Ex[14]

Fig. 4. Overall procedure of the proposed dense depth map generation method [14]
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Fig. 5. Color images, 2D meshes, depth maps, normal maps, and point

Figure 5 illustrates the color images, 2D meshes, depth
maps, normal maps, and point clouds generated by the pro-
posed method to the Tanks and Temples Advanced test set
[15].

An accurate and dense point cloud can be generated by
fusing the high-quality dense depth maps in the world

coordinate.

3. Adaptive meshing generation using adaptive
point cloud sampling

To generate a mesh from a point cloud, it is crucial to
balance computational efficiency with the preservation of
essential geometric details. While reducing the number of
points improves efficiency, it is equally important to retain
structural features that contribute to the accuracy and qual-
ity of the reconstructed mesh. Therefore, an effective sam-
pling strategy should adaptively allocate point density
based on local geometric complexity. We propose an adap-
tive sampling method that selectively reduces the point
count while preserving critical geometric details necessary
for precise reconstruction.

Traditional uniform down-sampling methods in-
discriminately reduce point density, often leading to the
loss of fine details in geometrically complex regions.
Conversely, adaptive methods that lack a well-defined
complexity measure may either retain excessive points in

simple regions or oversimplify detailed structures. Our ap-

o M, ZRIE F2RE o
c

louds generated by the proposed method

proach addresses these limitations by introducing a struc-
tured, complexity-aware sampling strategy based on an ei-
genvalue-driven geometric complexity metric.

To evaluate geometric complexity, we employ Principal
Component Analysis (PCA) on the 3D points within each
voxel, extracting the eigenvalues A1, A2, and A3 (where Al
< A2 < A3). We define complexity as

Complexity = A3 / (A2 - Al) m

This metric quantifies the geometric variation of a local
region. When A2 and Al are similar, the local structure is
nearly planar; a large difference between A3 and (A2 - A1)
indicates significant deviation from planarity, suggesting
curved or irregular surfaces. While PCA-based eigenvalue
ratios have been widely used to characterize local surface
properties, our formulation focuses on the relative dis-
persion between the second and third principal directions,
providing a more sensitive indicator of non-planarity in 3D
point distributions.

We employ an octree-based voxelization method to
adaptively partition the point cloud according to this com-
plexity measure. The process begins by initializing the
point cloud within a single encompassing voxel that con-
tains all input points. Starting from this initial voxel, we
recursively subdivide each voxel into eight smaller voxels
if its complexity exceeds a predefined threshold 1. This

adaptive subdivision results in finer voxelization in
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Fig. 6. (A) Input point cloud (B) Result of octree-based voxelization (C) Result of adaptive sampling of the point

high-complexity regions while preserving larger voxels in
simpler, planar areas. Unlike fixed-grid voxelization, which
enforces uniform spatial partitioning, our octree-based ap-
proach dynamically adjusts voxel sizes based on local geo-
metric properties, ensuring a more meaningful spatial
representation.

After the adaptive subdivision process converges, sam-
pling is performed at the voxel level. Specifically, we se-
lect one representative point per voxel, typically the cent-
roid of the points contained within it. This guarantees uni-
form coverage within each voxel while naturally preserving
higher point density in geometrically complex regions due
to finer subdivision. The resulting sampled point cloud thus
retains essential structural details required for accurate
mesh reconstruction.

We applied our octree-based voxelization method to
sample an input point cloud before generating a mesh using
the method described in [18]. The input point cloud, shown
in Figure 6 (A), consists of 519,138 points. Figure 6 (B)
illustrates the results of our proposed octree-based
voxelization. After applying our adaptive sampling ap-
proach, which keeps a single representative point per voxel,
the resulting point cloud, illustrated in Figure 6 (C), con-
tains only 11,709 points —approximately 2.2% of the input
point cloud. Despite this significant reduction, the resulting
mesh (Figure 7 (B)) faithfully represents the actual object

A) (B)
T2 7. (A) AH HHle] AR, (B) Mot WHE Al MM 3xiel 2
Fig. 7. (A) Photograph of the actual object (B) 3D model generated after
sampling the point cloud using the proposed

(Figure 7 (A)), demonstrating that our approach preserves
essential structural details while optimizing computational
efficiency.

By integrating our complexity measure and octree-based
adaptive sampling into the mesh generation pipeline, our
method ensures a more efficient yet high-fidelity repre-
sentation of 3D objects. This adaptive strategy overcomes
the limitations of uniform down-sampling by effectively
preserving essential structural features required for accurate

reconstruction.

4. Color mapping

Coloring a reconstructed 3D model is an important proc-
ess to make the 3D model more realistic. However, auto-

matically assigning colors from real-world RGB images
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captured at various locations is challenging. Variations in
color caused by differences in shooting locations or camera
types can result in visible seams on the 3D model.
Therefore, it is necessary to minimize seams that are boun-
daries with distinct differences in color caused by the as-
signment of different images to two neighboring faces by
maintaining the consistency of assigned colors. In this
chapter, we describe the color mapping process and the
proposed vertex pixel value-based tone mapping method,
which maintains color consistency across adjacent faces by
enforcing vertex-level coherence.

Color mapping process consists of four main steps.
First, the image regions that are mapped to each face, re-
ferred to as patches, are identified using camera
parameters. Second, the visible patches are selected. These
include patches corresponding to faces that are not oc-
cluded by other faces from the camera’s viewpoint. To
determine visibility, a depth buffer with the same reso-
lution as the image plane is generated, and each face is
projected onto it. During this process, only the faces with
the smallest depth values at each pixel are retained, en-
suring that occluded faces are excluded from the final
visible set. Third, tone mapping is applied to ensure color
consistency across patches associated with the same face.
Finally, the face color is assigned by selecting the patch
with the largest area among the tone-mapped image
patches with modified colors. Since the tone mapped im-
ages generated in the previous step are used, the images
are selected based on the patch area, without considering
the color.

We propose a tone mapping method based on vertex pix-
el values to reduce seams at face boundaries by making
the patches corresponding to the same face have similar
colors. The proposed method ensures consistency in the
pixel values of corresponding vertices across a set of patch-
es that map to the same face, and then adjusts the internal
pixel values of each patch based on these modified vertex

values.

pixel value
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Fig. 8. The concept of vertex pixel value-based tone mapping for two
images

Figure 8 illustrates the concept of the proposed vertex
pixel value-based tone mapping for two similar images of
the same scene captured with different colors. In this exam-
ple, 6 faces of a 3D model are depicted on the uv plane,
and each image patch mapped to each face is represented
by green and blue triangles, respectively. Here, the vertical
axis represents the pixel value. The vertices of the yellow
triangles are reference pixel values, which are the average
of the pixel values of corresponding vertex in patch set,
and can be expressed as Equation (2). The pixel value is

applied to R, G, and B channels, respectively.
1
E@®) = —Xie Li(®) (2)

where, n is the number of images, 1;(t) is pixel value
of vertex t projected to image i.

In order for a vertex to be a reference pixel value, the
vertex pixel value needs to be modified by amount shown

in Equation (3).

Ti(t) = E(©) — Li(®) ()

This modification amount T;(t) is used as the triangle
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vertex value in the barycentric coordinate to correct the
pixel value inside the triangle patch based on Equation
(4). Equation (4) represents the process of adjusting the

internal pixel values of each triangular patch based on

the vertex modification amounts T;(a), T;(b), and Ti(c).

Using barycentric interpolation, the modification
amounts at the three vertices are linearly blended across
the interior of the triangle. In this coordinate system,
any point inside a triangle can be represented as a
weighted combination of its three vertices, where the
weights a, B, and ¥ represent the relative contribution
of each vertex to the interpolated pixel value. As a re-
sult, pixels inside the patch are smoothly corrected so
that their colors gradually transition according to the
modified vertex values. This ensures color continuity
across neighboring faces by aligning pixel intensities
along shared vertices and edges, thereby reducing visi-

ble seams in the final 3D model.

0;(x,y) = I;(x,y) + aT;(a) + BTi(b) + yTi(c) (4)

where, @ + f+ V¥ =1, (x, y) is the pixel coordinate in-
side the patch, 1i(x,¥) is an input pixel value of (x, y),
0;(x,y) is a changed pixel value, T;(a), T;(b), T;(c) rep-
resent the vertex pixel value modification amounts at verti-
ces a, b, and ¢ of the patch, respectively.

Figure 9 shows an example of images with colors modi-
fied by the proposed vertex pixel value-based tone
mapping. In Figure 9, the image on the upper left was tak-
en with a DSLR camera, while the image on the lower left
was captured by a drone camera. Due to differences in their
sensor types, there is a significant variation in color be-
tween the two images. The two images on the right with
little color difference are the result of the proposed

algorithm.

Input imges Output imges
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Fig. 9. Top left and bottom left are input images taken with different
cameras, top right and bottom right are images changed using pro-
posed algorithm

[ll. Implementation

The spatial image generation pipeline proposed in this
paper was designed so that each functional block can be
connected and configured according to the user interface.
The parameters of each functional block (point cloud gen-
eration block, mesh generation block, and color mapping
block) were set separately to enable flexible operation. In
addition, the interface was configured to confirm normal
operation by monitoring the result data of each block. This
flexible configuration allows users to tailor the pipeline to
specific requirements, optimizing the process based on the
characteristics of the input data. Moreover, the real-time
monitoring capability offers continuous feedback, ensuring
that potential issues are detected early and adjustments can
be made dynamically to maintain high accuracy and effi-
ciency throughout the entire spatial image generation
process. And the entire user interface screen consists of a
menu area, execution area, pipeline area, and monitoring

area, and the main functions of each are as follows.






