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Abstract. Recently, it has become possible to acquire point clouds of objects and 
environments using cameras and LiDAR on small mobile devices, such as iPads and 
iPhones. However, the acquired point clouds are of low quality (large lack of points, 

varying point densities, and high-level noise), and generating practical 3D models 
from point clouds faces challenges. In this study, we propose a simple method for 

generating beautified low-poly mesh models from low-quality point clouds using 2D 
projection, image processing, and geometric contour-based operations. The 
proposed approach first determines the optimal projection directions by analyzing 
surface normals and creates point cloud projection images, which represent the 
object’s silhouettes. Subsequently, image-based filtering for noise removal and hole 
filling was applied to the 2D silhouette images, and symmetries were detected. Next, 
regularized 2D contour polylines of the silhouettes were extracted, and primitives 

were generated by sweeping the polylines. Finally, a 3D mesh was reconstructed by 
computing the intersection of the primitives. The experimental results demonstrate 
that the proposed method can reconstruct low-poly meshes with symmetries and 
regularities, such as parallel and orthogonal meshes, from low-quality point clouds 

with a large lack of points. 
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1 INTRODUCTION 

Over the past two decades, the use of point clouds of large-scale environments and structures 
acquired by terrestrial, mobile, airborne, and UAV laser scanning systems has become common. 
Acquired precise and dense point clouds are used in several fields, such as plant engineering, product 

development, civil engineering, architecture, and land surveying. In contrast, currently, point clouds 
can also be acquired using small mobile devices such as iPads and iPhones. With the growing 

availability of mobile devices equipped with LiDAR and photogrammetry applications, non-experts 
can acquire 3D data of their surroundings. In such devices, point clouds are often generated using 
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small, mounted LiDAR devices or photogrammetry. However, the quality of point clouds varies 
depending on the system and the method used for point cloud acquisition. As shown in Fig. 1(a), 
low-quality point clouds with a large lack of points, variations in point densities, and high-level noise 
can often be acquired. The quality of the point clouds obtained from laser scanning and 

photogrammetry significantly depends on the surface properties of the target objects. Consequently, 
low-quality meshes with undesired bumps or large holes are obtained, as shown in Fig. 1(b). Room 
for improvement exists in the rapid generation of useful meshes using the existing methods [26].  

In this paper, a simple and fast algorithm for beautified low-poly mesh generation from low-
quality point clouds is presented. The proposed method is based on a low-poly mesh generation 
method that uses high-density meshes of buildings [9]. In the proposed method, the input low-
quality point clouds are first projected onto the 2D planes. Then, noise removal, hole filling, and 

beautifications are performed on the projected plane using image and polygon processing techniques. 

The resulting contours of the objects were swept along the projection directions, and the final mesh 
was obtained as an intersection of the swept volumes. The proposed method is applicable to point 
clouds independent of the acquisition sources, and no additional data is needed, such as images. 
Because output meshes are regularized and lightweight, they can be used for digital archives of 
surrounding objects and construction of complex scenes for AR/VR and entertainment. 

Related works are introduced in Section 2. The proposed method is described in Section 3, and 
the results of the proposed method for low-quality point clouds are presented and compared in 
Section 4. 

   

                               

(a)                                                        (b) 

Fig. 1: Point clouds acquired by a mobile device and generated 3D meshes:  
(a) Low-quality point clouds and (b) Meshes generated by existing methods [23]. 

 

2 RELATED WORKS 

Several methods exist for generating meshes from point clouds [26]. These methods can be classified 

into two main categories. The first is a surface-based method that generates mesh surfaces directly 
for a given point cloud. The Delaunay-based method [1] defines surface triangles according to 
Delaunay criteria. The ball pivoting algorithm [3] creates triangles for three points that contact a 
sphere pivoting on the surface of the point clouds. These methods connect the points in a given point 
cloud to construct a surface. However, they are not suitable for low-quality point clouds, because 
they tend to preserve noise and are not robust to point clouds of different densities. In particular, it 
is difficult to fill the holes in the given data appropriately. As the other method, subdivision surface 

fitting [12,18] can be used for reconstructing surfaces from point clouds. Although these methods 
create smooth surfaces approximating input point clouds, initial meshes are required, and there are 
challenges for creating appropriate initial meshes from low-quality point clouds. Our method has a 
potential to support the generation of initial meshes for subdivision surfaces. 

The second method is a volume-based method. This method generates a mesh by dividing space 

into volumes and classifying regions as either interior or exterior. One popular volume-based method 
is the Poisson surface reconstruction (PSR) [13], and some extensions exist, such as screened PSR 
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(SPSR) [14], PSR with envelope constraints [15], and stochastic methods [25]. These methods 
reconstruct the surface by finding a scalar indicator function whose gradient field fits the field defined 
by the normals of the given point clouds over the entire space and then extract the isosurfaces [17] 
of the indicator function. SPSR [14] is an improved version of PSR [13] that introduces a screening 

term into the conventional PSR, enabling mesh generation that faithfully reflects the shape of the 
input points while maintaining tolerance. PSR with an envelope [15] adopts an envelope that 
represents the boundaries of free spaces as Dirichlet constraints to improve the correctness of the 
resulting meshes. The stochastic method [25] extends the PSR method with a Gaussian distribution 
to improve the robustness to noisy inputs. These methods can generate smooth surfaces from point 
clouds; however, producing correct and beautified low-poly meshes from low-quality point clouds is 
difficult owing to the difficulty of accurate normal calculation and the influences of large holes and 

noises. Recently, deep learning-based methods have been developed. DeepSDF [21] is a method 

that represents the shape of an object as a continuous signed distance function (SDF) using neural 
networks. For an arbitrary point, SDF returns the signed distance to the shape surface, indicating 
whether the point lies inside or outside. Although this approach can generate smooth and noise-
resistant meshes, it is computationally expensive and requires that the SDF be trained on data-
appropriate functions. Although other neural network-based methods have also been proposed, the 

correctness of the surfaces depends on the training data [26]. 
As the novel methods for the 3D model and scene representation, recently, neural radiance field 

(NeRF) [2] and 3D Gaussian Splatting [4] have garnered attention. 3D Gaussian Splatting represents 
a scene as a collection of 3D Gaussians that are projected and composited onto a screen space to 
generate free-viewpoint images with high speed and quality. Although both methods are powerful 
for image synthesis, they require additional processing to output a mesh instead of a point cloud and 
are computationally expensive. In addition, these technologies are combined with image or video 

capturing and are not applicable only to point clouds. The proposed method is applicable to point 
clouds generated by these technologies. 

The proposed method is based on the projection-based low-poly mesh generation method for 
buildings proposed by Gao et al. [9]. This method generates a simplified mesh from a dense mesh 
using multiple contour sweep geometry intersection operations and mesh simplification. First, 
silhouettes of a building were created for each projection direction and 3D primitives were generated 
by sweeping the silhouette. Subsequently, a product set of the primitives was created to produce a 

3D mesh model without concave features. Finally, the mesh was simplified by restoring the minor 
concave features. Their method achieved higher shape fidelity and simplicity than existing 
approaches. In this study, we applied this strategy to create a low-poly mesh from low-quality point 
clouds because of its applicability to image and geometry processing in the 2D domain. 

In the proposed method, regularization for parallelism and orthogonality is considered in the 
resulting model. GlobFit [16], proposed by Li et al., is a mesh reconstruction method that considers 

regularization by incorporating geometric constraints. This method constructs a consistent model by 
considering global relationships (e.g., parallelism and orthogonality) when fitting geometric 

primitives, such as planes and cylinders, from point cloud data. They first detect geometric primitives 
such as planes, cylinders, and circles using RANSAC on an input point cloud. They then analyze the 
global relationships among these primitives and determine the optimal placement of the primitives 
through nonlinear optimization, treating these relationships as variables. This method achieved 
consistent reconstruction results for structured scenes. However, this depended heavily on the initial 

fitting. Therefore, it is not well suited for low-quality point clouds with high noise levels and large 
missing regions, which are the focus of this study. Áron Monszpart et al. proposed RAPter [20], a 
method for reconstructing man-made scenes such as buildings as regular planar arrangements. Their 
method extracts initial planar candidates from a point cloud and selects the most consistent 
arrangement by evaluating both the goodness of fit of the data and the geometric regularities (e.g., 
parallelism, orthogonality, and equal spacing). This method has the advantage of being able to 
reconstruct planar structures of artificial scenes from noisy point clouds in a regularized manner. 

However, this is time consuming because mixed-integer problems must be solved. In the proposed 

method, regularization is performed on the projected planes; therefore, simpler methods can be 
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applied. In the proposed method, a part of the regularization method proposed by Takahashi et al. 
[27] was used for the regularization of the 2D contours. As the low-poly mesh generation, mesh 
simplification methods for dense meshes can be used [5,6,10]. However, it is difficult to preserve 
regularities in the input meshes while simplification process. In our method, regularities are 

recognized and imposed to 2D simple polygons, and the final shapes are created by intersection of 
swept volume of the 2D simple polygons. Therefore, low-poly meshes with regularities can be created 
efficiently. 

3 PROPOSED METHOD FOR GENERATING LOW-POLY MESHES FROM LOW-QUALITY POINT 
CLOUDS. 

3.1 Method Overview 

The input for this method is a low-quality point cloud of the target object acquired by small mobile 
devices, as shown in Fig. 1(a). We assumed that the local floor near the objects was also scanned, 
and a point cloud of the local floor was acquired. The output of the method is a low-poly 3D mesh 
with regularities such as symmetry, parallel, and orthogonality. In this study, the projection-based 
simplified mesh generation method for buildings proposed by Gao et al. [9] was extended to 

generate a low-poly mesh from a low-quality point cloud. In Gao's method, a low-poly mesh is 
created by simplifying the mesh of the intersection of the swept volumes of the silhouettes obtained 
by projecting a given high-density mesh in multiple directions. This method has the advantage of 
allowing the application of 2D images and geometric processing. In the proposed method, noise 
removal, hole filling, and regularization were performed using 2D processing. As the final 3D mesh 
was represented by the intersection of a set of swept volumes of 2D projections (silhouettes) of a 
point cloud, the target objects of our study were limited to those whose major surfaces appeared in 

the silhouettes, such as office supplies, furniture, and home appliances.  

Fig. 2 shows an overview of the proposed method. First, the projection direction that adequately 
captured the geometry of the major surfaces of the object was determined by evaluating the normals 
of the point cloud (A1). The input point cloud was then projected onto planes perpendicular to the 
projection directions to create a set of silhouette images. Noise removal and hole completion were 
performed using image processing techniques considering symmetries, and a set of silhouette 

contour polylines was extracted (A2). Next, the polylines were simplified and regularized (A3). Finally, 
a set of primitives was generated by sweeping the contour polylines along the projection directions, 
and the simplified intersection of the primitives was extracted as a low-poly mesh (A4). The features 
of the proposed method include the fast and robust generation of a low-poly mesh with regularities 
using simple 2D images and contour processing from low-quality point clouds. 

 

 

Fig. 2: Overview of the proposed method. 
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3.2 Projection Direction Determination 

In this study, it is assumed that the geometry of the major surfaces of the object can be captured 

by the silhouettes from orthogonal three directions of the top, front, and side views of the input 
object, as shown in Fig. 3(a). The projection direction to obtain the top view is denoted by 1v , and 

it is extracted as the normal of the floor detected by plane fitting using RANSAC [8,24]. The other 

projection directions should be determined such that the projections along the directions can catch 
the silhouettes of the major surfaces of the objects. Because major surfaces may include a relatively 

large number of points, the projection direction that can catch the geometry of the major surfaces 

on the silhouette can be considered as a direction perpendicular to the direction of a large number 
of normals. In the proposed method, because the second and third directions, 2v  and 3v  are 

orthogonal to 1v , they are determined using projected point normals of the object on a plane f  

perpendicular to 1v . The normals that are nearly parallel to 1v  should not be considered in the 

determination of 2v  and 3v . First, normals { }in  that satisfy 1| |i n n v  are extracted and projected 

onto plane f . Second direction 2v  is determined as the direction in which the projected normals 
ˆ{ }in  are concentrated. This direction can be obtained by Equation (1), as shown in Fig. 3(b). 

 

  2
ˆˆ

ˆˆ ˆ ˆ ˆargmax | |, | ( , ) ,
i

i i j i j j
N

S S angle N


= =  
n

v n n n nθτ  (1) 

 
where, N̂  is a set of projected normals, 𝑎𝑛𝑔𝑙𝑒(𝒂, 𝒃) is the angle between 𝒂  and 𝒃 , and 𝜏𝜃  is a 

threshold. The third direction 3v  that can catch the silhouette of major surfaces is calculated by the 
outer product of 1v  and 2v . 

 

 
(a)      (b) 

Fig. 3: Projection directions: (a) Projection directions and (b) Side view direction. 

 

3.3 Silhouette Contour Polyline Extraction 

In this method, outliers in the point cloud are first removed using a point cloud filtering technique, 
followed by silhouette shaping of the image generated by projecting the point cloud. The shaping 
processes in this step are hole filling and symmetry recognition. Small holes can be filled by 
morphological processing; however, missing parts in large regions are difficult to complete. Therefore, 
a region-based hole filling was applied. Symmetry recognition is performed by a simple symmetry 

metric that uses inverted images. Using 2D projections makes each process more robust and efficient 
than 3D processing. 

First, the SOR filter for noise removal [22] is applied to the input point cloud, the resulting point 
cloud is projected onto a plane perpendicular to the projection direction dv (whered{1,2,3}), and 

silhouette images 
d

sI  are created. Here, each 
d

sI  is a binary image, where white cells represent the 

foreground (object), including the projected points, and black cells represent the background, as 

shown in Fig. 4(a). Next, a closing operation based on the morphology is applied to 
d

sI  to remove 
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small holes and interpolate the missing points. The holes are then detected as connected background 
pixels, and if the size of the holes is smaller than the given threshold 

fτ , the holes are filled. Finally, 

an opening operation based on the morphology is applied to remove noise, and the modified 

silhouette images d

mI  are obtained, as shown in Fig. 4(b). 

Subsequently, the symmetry of each d

mI  is determined. First, each image size is adjusted to the 

AABB of the foreground of the modified images, and the degree of symmetry 𝑟𝑠𝑦𝑚 is evaluated using 

Equation (2). 

 

 
| |

| |

org mir

sym

org

R R
r

R


=   (2) 

 

where 
orgR is a pixel set of foregrounds of the image and mirR  is that of the mirrored image. symr  is the 

proportion of common foreground pixels in the original and mirrored images. If sym sr τ  ( sτ : 

threshold), the silhouette is considered symmetrical, and the half image of the intersection between 

the original and mirrored images is extracted as d

hI  as shown in Fig. 4(c). Finally, the contour 

polylines (point sequences) of d

hI  for symmetric silhouettes and d

mI  for the other silhouettes were 

extracted, as shown in Fig. 4(d). 

 

 
               (a)                                                       (b)                             (c)                 

(d) 

Fig. 4: Projected image and contour polyline: (a) Projected image, (b) Silhouette image, (c) Half 
image, and (d) Contour point sequences. 

 

3.4 Contour Generation 

Extracted contours include undesired small bumps due to the rasterization of project points and 

scanning noises. Polyline smoothing is applied to remove these bumps on the contours, as shown in 

Fig. 5(a). In the proposed method, an extension of the λ -μ  algorithm [28] is used. Small bumps on 

the contour can be classified into two types: bumps from noise and rasterization and bumps from 

small shapes. Small shapes must be preserved, and the others should be removed. This can be 

performed by evaluating the reliability of the cell. Cells including a large number of projected points 

can be identified as a part of a small shape. In contrast, cells including the small number of projected 

points can be recognized as noise or the effect of rasterization. Therefore, in the proposed method, 

the strength of the contour smoothing for small bump removal is adaptively controlled to maintain 

the small shapes of the input object and to remove noise and rasterization effects.  

In the λ -μ algorithm, the smoothing strength can be adaptively controlled using the passband 

frequency k . Based on the above assumptions, the strength of smoothing, k , for a vertex i  on a 

contour polyline was calculated using Equation (3).  

  

 
exp( )

( )
0.1

i i n

i

n n
k n

otherwise

  + 
= 


  (3) 
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where in denotes the number of projected points in the image cell corresponding to the vertex i  of 

the contour polyline. In the proposed method, to satisfy the conditions k (1) ≅0.05 and k (5) ≅0.1, 

parameters β  and α  are set by β =0.00034 and α =0.04907. n  is a threshold for the number of 

points in cell, and 5n =  is used in the experiment. In the smoothing iteration, weights for Laplacian, 

λ  and μ , are determined as 2( 6 10) / (3 5)k k k k= − − + −λ  and 2( 6 10) / (3 5)k k k k = + − + − , 

respectively. In the method, a weak smoothing operation is applied to vertices that have large 
in by 

adjusting the coefficients in the iteration of the smoothing operation.  

After polyline smoothing, simplified contour polylines were extracted using the Douglas–Peucker 
algorithm [7], as shown in Fig. 5(b). Subsequently, regularization was performed for the simplified 

contour polylines. In regularization, circular arcs are first reconstructed by vertex position 
modification, followed by parallelization and orthogonalization of the straight-line segments. The 

circular arcs of the polylines were detected by circle fitting using RANSAC [8,24]. The vertex positions 
of the inliers in circle fitting were moved on the detected circles along the circle radius. 

 
 

 

  
              (a)               (b)                (c)                      (d)                     (e)                           (f) 

Fig. 5: Flow of primitive generation: (a) Smoothed polylines, (b) Simplified contour polylines, (c) 
Regularized polylines, (d) Entire contour polylines, (e) 2D triangular meshes, and (f) Primitives. 

 
After circular arc modification, regularization was performed in parallel and orthogonally. The 
regularization was based on a simplified version of the method proposed by Takahashi et al. [27]. In 
this method, the parallel and orthogonal relationships are represented by the graphs shown in Fig. 
6. In the graph, the line segments for parallelization are grouped on a node, and the orthogonal 
relationship is represented by arcs. Each node in the graph represents a line segment or set of line 

segments, where segments grouped in the same node are parallel to each other. Each edge in the 
graph represents an orthogonal relationship between connected nodes. The graph is constructed by 
a simple grouping of directional vectors of straight-line segments. The resulting graph consists of a 
set of nodes and two connected nodes, as shown in Fig. 6. 

 

 

Fig. 6: Examples of graph representations of parallel and orthogonal relationships.  

 

The first step of parallelization and orthogonalization is to find the best directional vectors of the line 

segments of the contours for each connected component C  in the graph. For parallelization, the first 
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problem is to find a directional vector ad  for modifying the line segment directions in the contours 
to be parallel in a node. This is performed simply by straight line fitting for the translated endpoints 

of the line segments. First, by applying a translation to the endpoints of each line segment, the 

center point of each segment becomes the origin. The directional vector ad  for a node can be 
determined via straight line fitting using the least-squares method for a set of transformed endpoints.  

If C  contains other nodes, the other directional vector bd , which is orthogonal to ad , is 

determined using a similar method under the constraints of 0a b =d d . bd  can be performed using a 
process similar to that used for the first node. The constraint can be considered as applying 90-

degree rotation to translated endpoints in the first node. Therefore, the orthogonal directional vectors 

ad  and bd  can be determined using the following formulas: 

 

 2 2ˆ ˆargmin (( ) ) ( )
a b

a i ji P j P 
=  +  

d

d Rd p d p    (4) 

b a=d Rd         (5) 

 
where 

aP  and 
bP  are the sets of vertices in each graph node, ˆ

ip  denotes the position of vertex i  
after translation, and R  is the 90-degree rotation matrix. 

Next, the vertex positions of each line segment were modified according to the determined 

directional vectors. This process can be classified into the following three cases: The positions of the 
vertices modified in the circular arc reconstruction were assumed to be fixed. 

 

1. If both endpoints are free to move, they are modified to a straight line in the specified direction, 
passing through the center of gravity. 

2. If one of the endpoints is fixed, the position of the other vertex is modified such that the direction 

of the line segment becomes the derived direction. 
3. If both endpoints are fixed, no modification of positions is performed. 

 
If symmetrization is performed, the contour polylines are duplicated and mirrored to generate 

an entire contour polyline, as shown in Fig. 5(d).   
  

3.5 Low-poly Mesh Generation 

Primitives were created to generate the final meshes from the closed contour polylines in each 

projection direction. First, 2D triangular meshes of the silhouettes were created by applying 2D 
constrained Delaunay triangulation [11] to the resulting contours, as shown in Fig. 5(e). Primitives 
were then generated by sweeping each 2D mesh along the corresponding projection direction. 
Consequently, using the proposed method, three primitives were obtained, as shown in Fig. 5(f). 

Subsequently, a 3D triangular mesh was obtained by calculating the intersection of the three 
generated primitives. Finally, a mesh simplification method was applied to the resulting triangular 
meshes. A quadric-error-based mesh simplification method [10] was used in our implementation.  

4 RESULTS AND EVALUATIONS 

The iPhone 15 Pro and SCANIVERSE [23], which is a popular scanning application software, were 
used to obtain point clouds, and the proposed method was applied to the point clouds of some 
objects in the university's laboratory. The leftmost column in Fig. 7 shows the photos and point 
clouds for the target objects: a fan, trash can, and air cleaner, whereas the second column shows 
the generated 3D meshes with the numbers of vertices and triangles of the meshes.  

In the point clouds acquired by the mobile phone and software, large-scale noise and a large lack 
of points at the sides of the objects can be observed, and different point densities are also observed. 

Although the quality of the input point clouds is quite low, the results showed that a large lacks of 
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points are appropriately filled, and low-poly meshes with regularities are generated using the 
proposed method. In addition, it was confirmed that the projections from the three directions derived 
from the point normals captured the geometries of the major surfaces of the objects.  

The meshes obtained using the popular implicit surface reconstruction method, screened PSR 

[14], and 3D reconstruction software [23] are shown in the third and fourth columns of the figure. 
SPSR was applied by using default parameters on the implemented software [19]. The ball pivoting 
algorithm [3] implemented in free software [19] does not work for low-quality point clouds because 
of the large difference in the point densities. The resulting meshes contained several incorrect 
surfaces, inappropriate holes, and small, incorrect bumps on the surfaces. By contrast, low-poly 
meshes without such problems can be obtained using the proposed method. The computation time 
for mesh generation using the proposed method was less than 3 seconds on a desktop PC (CPU: 
Core i7-14700F). 

The proposed method requires appropriate parameter settings and the results depend on the 

specified parameters. In particular, the thresholds for region-based hole filling, 
fτ , and symmetry 

detection, 
sτ , should be adjusted depending on the target object. In the current implementation, 

these parameters are determined interactively. In our experiments, a few tries and errors were 

sufficient to obtain the desired results. In addition, the image pixel sizes should be determined 

according to the noise level and point density of the given point clouds. In the experiments, the pixel 
size was set to 5 mm for all the examples. This parameter may vary according to the scanning device 

and software used. Automatic parameter determination should be included in future works.   

The experimental results for the other objects are shown in Fig. 8. However, because of the 
nature of this method, some concave portions of the object cannot be recovered appropriately, and 
low-poly meshes that capture the major surfaces of the objects can be obtained. Improving the 

representation of the details of the resulting meshes by increasing the projection directions and 
using depth information from each view will also be included in future work.  

5 CONCLUSIONS 

In this paper, a simple method for generating low-poly meshes from low-quality point clouds was 
proposed. This method was based on the 2D projection of points, image and contour processing, and 
intersection extraction of primitives generated by contours. Symmetrization, noise removal, and hole 
filling were achieved in image processing, and regularization and simplification were realized in 

contour processing. Through experiments, we confirmed that the proposed method enabled the 
efficient generation of low-poly meshes from low-quality point clouds of simple small objects. Future 
work will include the improvement of detail reproducibility by increasing the projection direction, 
using depth information from each view, and automatic parameter settings. 

 

 
Fig. 7: Resulting low-poly meshes and a comparison with existing methods. 
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Fig. 8: Resulting low-poly meshes of other objects. 
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