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Automated generation of archeological
line drawings from sculpture point cloud
based on weighted centroid projection
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Archeological line drawings are essential in archeological research, providing visual representations of
artifact morphology and precise geometric measurements. Traditionally, these drawings were
meticulously created by hand, a process that is time-consuming and labor-intensive. To overcome
these limitations, this paper presents an algorithm for extracting feature lines from sculpture point
cloud, enabling the automated generation of archeological line drawings. The method introduces a
weighted centroid-based geometric metric to identify surface feature points and classify them based
on their concavity or convexity. An iterative refinement process is then applied to ensure that feature
points align correctly along the feature lines, and boundary points are extracted using an angular
criterion. Finally, an enhanced curve-growing algorithm connects the feature and boundary points,
producing a 3D line drawing. Experiments conducted on various stone sculptures demonstrate the
practicality and accuracy of the proposed approach, with results showing significant improvements
over existing methods.

Large stone sculptures represent a unique category of cultural relics.
Compared toother typesof artifacts, they are larger in size, heavier inweight,
more difficult to transport, and more susceptible to damage, which makes
their preservation particularly challenging. In the study of ancient crafts-
manship and culture, these sculptures hold significant value. Their monu-
mental scale and intricate craftsmanship reflect the historical, cultural, and
artistic characteristics of ancient societies. Throughout history, they have
withstood natural disasters and human destruction, making those that have
survived especially valuable. The preservation of these surviving sculptures
must be prioritized to prevent further deterioration, underscoring the
broader issue of stone sculpture conservation. Among these preservation
efforts, the creation of archeological line drawings is a fundamental task in
documenting and preserving cultural relics1. Such drawings are utilized in
excavation reports, academic papers, monographs, textbooks, and exhibi-
tion charts, serving both archival and cultural dissemination purposes2.
They play a crucial role in archeology.

Archeological line drawings incorporate cartographic principles into
archeological research, utilizing relevant theories andmethods to accurately
depict and represent the original characteristics of artifacts, while also
recording precise geometric data. These drawings not only directly reflect
the size and shape of artifacts but also provide indirect insights into their
materials and craftsmanship. Furthermore, as a display tool, line drawings

can emphasize specific areas of interest, highlighting features and evolu-
tionary patterns of artifacts across different periods. They serve as valuable
resources for the subsequent preservation and restoration of cultural relics,
making them an essential tool in archeological research.

Before the advent of advanced photographic technology, archeological
line drawings were primarily created manually by specialists. The process
involved establishing baselines, setting grids, and selecting measurement
points using rulers, followed by rendering the drawings based on the col-
lected data. This method was complex, required significant expertize from
the draftsmen, and was relatively inefficient. The concept and practice of
stereoscopic photogrammetry date back to the late 19th and early 20th
centuries, with its initial applications primarily focused on topographic
surveying3,4. As digital photography and computer-aided drawing tech-
nologies advanced, this technique increasingly found use in documenting
and analyzing complex objects such as architecture, sculpture, and arche-
ological artifacts. Early applications were largely centered on architectural
surveying, including the documentation of cathedrals and bridges, which
required detailed line drawings to aid in design and restoration. Rosenfeld
et al. 5 described simple sets of parallel operations that can be used to detect
texture edges. Canny6 developed an edge detector designed for arbitrary
edge contours and expanded it with operators of varying widths to address
different signal-to-noise ratios within images. Aldsworth7 employed an
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integrated photogrammetry and CAD system to produce accurate, cost-
effective, and efficient reconstruction drawings for historical buildings.
Almagro8 established a simplified method for architectural photo-
grammetry using semi-measuring cameras and analytical plotters, achiev-
ing higher efficiency in acquiring architectural drawings while maintaining
sufficient accuracy. Streilein et al. 9 outlined the digital system for archi-
tectural photogrammetry under development at the Swiss Federal Institute
of Technology, describing basic measurement methods for determining
geometric primitives and emphasizing the need for interaction between
digital photogrammetry systems and CAAD systems. Cooper10 discussed
the issues of excessive simplification inmodels of real-world objects and the
idealization problems encountered when deriving line drawings from rea-
listic images of complex objects. Grompone et al. 11 proposed a linear-time
line segment detector that delivers accurate resultswitha controllednumber
of false detections and requires no parameter tuning. The algorithm was
tested on a large set of natural images, yieldingprecise results.Akinlar et al. 12

proposed a linear-time line segment detector based on the edge segment
chains produced by a novel edge detector, Edge Drawing (ED). It delivers
accurate results without the need for parameter tuning, achieving this at
exceptionally fast speeds. Dhankhar et al. 13 presented a review of various
approaches for image segmentation based on edge detection techniques,
comparing and analyzing methods such as Sobel, Prewitt, Roberts, Canny,
and Laplacian Gaussian (LoG). Dolapsaki et al. 14 presented an effective,
semi-automatedmethod for detecting 3D edges in point clouds using high-
resolution digital images. This work aimed to address the ongoing challenge
of automating the generation of vector drawings from 3D point clouds of
cultural heritage objects. Digital photogrammetry enables the rapid and
cost-effective acquisition of an artifact’s geometric and texture data15, which
is then used to generate a 3D textured model and create orthophotos16,17.
Orthophotos accurately reflect the true geometric shape and dimensions of
the ground or objects, making them directly applicable for measuring and
calculating spatial parameters such as the location, area, and length of
features18.With the advancement of remote sensing technology, particularly
the widespread use of drone imagery, orthophotos now provide high-
resolution spatial data, offering significant advantages in representing
intricate details. They can clearly capture subtle variations, complex shapes,
and fine features of objects19,20. In archeology, orthophotos enable precise
documentation of artifacts and archeological sites, serving as a reliable
foundation for subsequent analysis, measurement, and research. Agrafiotis
et al. 21. used conditional adversarial networks to generate accurate and
realistic 2D drawings from orthoimages of Cultural Heritage masonry
buildings. However, some minor flaws remain, particularly in areas with
plaster, where distinguishing the edges of stones is challenging. By com-
bining orthophotos with software such as Photoshop and AutoCAD,
researchers can create high-precision archeological line drawings.However,
for artifacts with complex geometric forms or 3D characteristics, the planar
line drawings derived from orthophotos only represent surface details,
failing to capture the complete 3D structure.

With the rapid advancement of 3D laser scanning technology, point
cloud technology has become increasingly prevalent in the generation of
archeological line drawings, yielding significant results22. By using high-
precision laser scanning equipment, archeologists can comprehensively
capture the 3D information of artifacts and obtain detailed point cloud data.
Through the application of 3D point cloud feature extraction techniques
and computer graphics processing technologies, various methods can be
employed to extract feature lines from artifacts23. These methods can
automatically identify key features, suchas surface undulations, protrusions,
and depressions, from point cloud, generating lines of archeological sig-
nificance. The extraction of feature lines not only provides an abstract
description of the artifact’s surface morphology but also plays a crucial role
in artifact research. First, feature lines clearly convey the geometric structure
of the artifact, enabling an accurate restoration of its morphological char-
acteristics and facilitating scholarly research and analysis. Second, feature
lines can reveal details about the manufacturing techniques and stylistic
features of artifacts, such as patterns and carving techniques on ancient

stone sculptures and bronze objects, offering valuable insights for historical
and cultural studies. Finally, as a key component of archeological records,
feature lines contribute to the digital preservation and display of artifacts.
They can be used in virtual restoration and also provide a scientific basis for
future restoration efforts. Scholars worldwide have conducted extensive
research on feature recognition and extraction from 3D point cloud data,
which can be broadly classified into two approaches: those based on mesh
models and those based on unorganized point cloud.

In mesh-based model research, Hubeli et al. 24 proposed a framework
for extracting mesh features from unstructured two-manifold surfaces,
which includes a classification phase and a detection phase. This process is
not fully automatic and still requiresmanual adjustments to achieve optimal
performance. Decarlo et al. 25 introduced the concept of suggestive contours
and provided two computational methods to combine actual contours with
suggestive contours, depicting richer shape information. The generated
results, however, heavily depend on geometric information such as curva-
ture and normals. Ohtake et al. 26 proposed a method based on implicit
surfacefitting,where localmesh regions arefittedwith implicit surfaces, and
ridges and valleys are generated based on curvature extrema. Although
accurate, the computational cost is high. Hildebrandt et al. 27 proposed a
computational solution based on discrete differential geometry, using a
filtering method for high-order surface derivatives to improve the stability
and smoothness of feature line extraction, while avoiding the high com-
putational cost of high-order surface fitting. Yoshizawa et al. 28 estimated
curvature tensors and derivatives through local polynomial fitting to detect
ridges, butmanual filtering is required for complex geometric surfaces. Judd
et al. 29 proposed the concept of apparent ridges, defined as the point tra-
jectories that maximize view-dependent curvature. By considering the
observer’s perspective, this method more accurately conveys the visual
features of 3D shapes, but it is not suitable for models with high noise or
intricate details. Luo et al. 30 proposed a multi-scale method for detecting
ridges and valleys in 3D models based on the minimum description length
(MDL) principle. The resulting line drawings eliminate redundant lines, but
the computational complexity is high. Lu et al. 31 studied various types of
lines, such as occlusion contours, suggestive contours, ridges and valleys,
and apparent ridges, analyzing their advantages in depicting different facial
features. They generated optimized line drawings results for different facial
models. Li et al. 32. combined the skeletal information of 3D models with
feature lines, using line optimization to render the final drawings. They
applied an enhancement-based method that integrates visual perception to
create artistic effects, but this approach is not suitable for largemeshmodels.
Wang et al. 33 proposed an algorithm for generating archeological line
drawings based on explicit ridges. It performed well in line drawings of
artifacts like the TerracottaWarriors, but neglected some finer details of the
artifacts. Uchida et al. 34 used a fully convolutional neural network to extract
lines from 3D models and encoded them into line attribute images, where
line thickness was determined by line strength. The resulting stylized line
drawings depended on the quantity and type of training data. Liu et al. 35

introduced a model for generating stylized line drawings from 3D shapes.
Themodel takes 3Dshapes andviewpoints as inputs andproduces drawings
with textured strokes. However, when there is a significant mismatch
between the input geometric curves and the training drawings, the network
may fail to accurately reproduce the stroke thickness and displacement. Ren
et al. 36 proposed a line drawing extraction method for traditional Chinese
ornaments, automatically generating pattern elements by computing 3D
model line drawings. Jin et al. 37. proposed a semi-automatic framework that
can extract expressive strokes from 3Dmodels and render them in the style
of traditional Eastern ink painting using a robotic arm. The framework is
capable of producing visually pleasing ink paintings with expressive
brushstrokes.While the framework is not fully automated, as the selectionof
expressive contours depends on individual users. Tang et al. 38 designed a
framework for optimizing themodel structure to enhance the generation of
suggestive contours, thereby enabling the extraction of these contours from
anymodel. Nguyen et al. 39 proposed amethod for the joint simplification of
lines and regions that penalizes large changes in region structure while
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maintaining region closure. This feature enables region stylization that is
consistent with the contour curves and underlying 3D geometry.

In research on unorganized point cloud, Lee et al. 40 proposed an
improved moving least squares technique, using the Euclidean minimum
spanning tree and region-growing iteration to refine the point cloud and
reconstruct smooth curves. This method is limited to relatively simple-
shaped point cloud. Gumhold et al. 41 directly extracted feature points from
point cloud through covariance analysis and used eigenvectors to classify
these points into border points, crease points, and corner points. Pauly et al.
42 used a multi-scale classification operator to analyze features across mul-
tiple scales, with the size of the local neighborhood serving as a discrete scale
parameter to gradually complete feature extraction. Demarsin et al. 43

employed a first-order segmentation approach to extract candidate feature
points and processed them as graphs to recover distinct feature lines in the
point cloud. Daniels et al. 44 proposed a multi-step feature extraction
refinement method, using robust moving least squares to fit the surface of
vertex neighborhoods, ultimately generating smooth and complete feature
lines. However, the method was slow when processing large point cloud
datasets. Lu et al. 45 introduced a robustmethod for extracting 3D lines from
stereopoint cloudby integrating 2D image informationwith 3Dpoint cloud
from stereo cameras. 2D lines arefirst extracted from the image in the stereo
pair, followed by 3D line regression from the back-projected 3D point set of
the images points in the detected 2D lines. Rodríguez et al. 46 described the
interaction between users and 3D point clouds through a 2D computer
display, providing detailed equations for both 3D-to-2Dprojection and 2D-
to-3D back-projection. Briese et al. 47 presented a fully automatic procedure
for determining feature lines from TLS data. This approach consists of two
main steps: the automatic detection of feature line segments and the
modeling of complete feature lines. Weber et al. 48 calculated Gaussian
clustering in local neighborhoods to detect sharp features on sampled sur-
faces and improved the accuracy of feature points through iterative selec-
tion.Chen et al. 49 proposed a fast and reliable approach for detecting 3D line
segment on the unorganized point cloud from multi-view stereo. The core
idea is to discover weakmatching of line segments by reprojecting 3D point
to 2D image plane and infer 3D line segment by spatial constraints.Mérigot
et al. 50 proposed a method for computing the curvature and normals of
locally smooth surfaces, which they used for feature extraction, but it was
sensitive to outliers atmoderate distances from the point cloud. Park et al. 51

extended the tensor voting (TV) theory to extract clear features from
unorganized point cloud, enabling the handling of point cloud containing
noise and outliers. Pang et al. 52 developed amethod to directly extract ridges
and valleys from 3D fingerprint model point cloud, using moving least
squares to fit local point cloud surfaces and calculate curvature and curva-
ture tensors. Kim et al. 53 usedmoving least squares to approximate surfaces,
estimating the local curvature and derivatives at target points. They
employed Delaunay surface subdivision to compute neighborhood infor-
mation and detect ridges and valleys. Altantsetseg et al. 54 used one-
dimensional truncated Fourier series to detect feature points and refined
potential feature points through curvature-weighted Laplacian smoothing.
Lin et al. 55 presented a novel method that is capable of accurately extracting
plane intersection line segments from large-scale raw scan points. The 3D
line-support region, namely, a point set near a straight linear structure, is
extracted simultaneously. Bazazian et al. 56 proposed a fast and accurate
method for detecting sharp edge features by analyzing the eigenvalues of the
covariance matrix computed from each point’s k-nearest neighbors. Nie
et al. 57 proposed a method for measuring local surface variation—Smooth
Shrinkage Index (SSI)—which combines Laplacian smoothing and refine-
ment techniques to accurately extract feature points. Yuan et al. 58 derived
point cloud curvature through polynomial fitting, classified feature points
based on mean curvature, and used the Euclidean minimum spanning tree
to construct feature lines. Zhang et al. 59 introduced a statisticalmodel based
on the Poisson distribution to adaptively extract feature points from point
cloud and calculated the threshold of local features using the natural
properties of the model surface. Lin et al. 60 proposed a new framework for
extracting line segments from large-scale point cloud by efficiently

segmenting the input into a collection of facets, which provide sufficient
information to identify linear features within local planar regions, thus
facilitating line segment extraction.Wang et al. 61 described the creation of a
highly accurate building façade feature extraction method from 3D PCD
with a focus on structural information. Their approach involves threemajor
steps: image feature extraction, exploration of themappingmethodbetween
the image features and 3D PCD, and optimization of the initial 3D PCD
facade features considering structural information.Ahmed et al. 62 proposed
a novel edge and corner detection algorithm for unorganized point clouds.
The method uses an adaptive density-based threshold to distinguish 3D
edge points, clusters curvature vectors, and uses their geometric statistics to
classify a point as a corner. Mitropoulou et al. 63 introduced an automated
and efficient method for detecting planes and extracting their intersection
edges fromunorganizedpoint clouds. Lu et al. 64 proposed a straightforward
3D line segment detection algorithm that combines point cloud segmen-
tation with 2D line detection to extract 3D line segments from large-scale,
unorganized point clouds. Chen et al. 65 proposed a novel method for
generating and regularizing point cloud feature lines, which consists of two
main steps: extraction of the outline points according to the property of
vectors distribution and cluster, feature points are sorted according to the
vector deflection angle and distance and they are fitted using the improved
cubic b-spline curve fitting algorithm. Zhang et al. 66 pioneered the devel-
opment of 3D guided multi-conditional GAN (3D-GMcGAN), a deep
neural network-based contour extraction network for large-scale point
cloud. Cosgrove et al. 67 highlighted a security vulnerability in CNN-based
edge detection models, demonstrating that they are susceptible to adver-
sarial examples, which can not only cause failures in edge detection but also
transfer to otherCNNmodels. Abdellali et al. 68 proposed a robust, learnable
line detector and descriptor (L2D2) that enables the efficient extraction and
matching of 2D lines using the angular distance between 128-dimensional
unit descriptor vectors. Hu et al. 69 introduced a geometric feature enhanced
line extraction method with Hierarchical Topological Optimization for
extracting line segments from large-scale point cloud. Their approach
effectively filters major spurious lines and extracts more complete line
segments. Chen et al. 70 proposed a method based on the Plane Fitting
Residual-Local Shape Variation (PFR-LSV) metric to detect potential fea-
ture points, using an anisotropic shrinkage scheme to approximate the
feature points to the actual feature lines. Liu et al. 71 proposed a “structure-
to-detail” feature-aware algorithm that accurately locates geometric features
of different sizes and extracts boundary features through tensor analysis. Liu
et al. 72 proposed a local centroid computation algorithm based on neighbor
reweighting to identify geometric features in point cloud, simultaneously
recognizing convex, concave, and boundary points, and optimized feature
points through assimilation and dissimilation operators. Bode et al.73 pro-
posed a novel set of features describing the local neighborhood on a per-
point basis via first and second order statistics as input for a simple and
compact classification network to distinguish between non-edge, sharp-
edge, and boundary points in the given data. Cao et al. 74 proposed a deep
neural network,WireframeNet, for converting point cloud into wireframes.
This network inputs a set of disordered points and outputs a complete
wireframe structure. Zang et al. 75 developed a large-scale 3D point cloud
contour extraction network (LCE-NET) to generate contours consistent
with human perception of outdoor scenes. It is the first time that an end-to-
end learning-based framework has been proposed for contour extraction on
point cloud at this scale. Zong et al. 76 introduced an efficient method based
on plane segmentation and projection, transforming 3D planar point cloud
into 2D images through graphical projection to avoid point-based nearest
neighbors’ searching. Zhu et al. 77 proposed NerVE, a neural volumetric
edge representation that directly detects structured edges for extracting
parametric curves from point cloud, thereby overcoming the limitations of
previous point-by-point methods. One limitation of this approach is that it
may produce unintended connection points. Jiao et al. 78 proposed a Multi-
scale Laplace Network (MSL-Net), a new deep-learning-based method
based on an intrinsic neighbor shape descriptor, to detect sharp features
from 3D point cloud. Yu et al. 79 presented a feature line extraction
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algorithm for building roof point cloud based on the linear distribution
characteristics of neighborhood points. The proposed algorithm could
directly extract high-quality roof feature lines from point cloud for both
single buildings and multiple buildings. Wu et al. 80 achieved accurate
extraction of contours from 3D target point cloud by integrating high-
resolution images and sparse point cloud data. This method significantly
improves the precision and accuracy of contour extraction for large objects,
offering relatively accurate completion for partially defective contours. Si
et al. 81 proposed a novel variational feature component extraction method
calledPointFEA,which effectively represents theunderlying features of local
point cloud regions. Wu et al. 82 proposed a fold point extraction method
based on histogram detection, which identifies folds through corner point
features and extracts fold points by measuring the distance to the furthest
bar in the histogram. Betsas et al. 83 proposed the first implementation of a
3D edge detectionmethod that exploits four-channel images and compared
the detected 3D edges with their corresponding edges in a textured 3D
model.Makka et al. 84 proposed amethod that automates 3D edge detection
in point clouds by exploiting differences in the directions of normal vectors
to detect finite edges. These edges are then pruned, grouped into edge
segments, and fitted to identify 3D edges. Aggarwal et al. 85 proposed a 3D
edge detection approach using unsupervised classification, which learned
features from depth maps at three different scales through an encoder-
decodernetwork.Edge-specific featureswere then extractedandclustered to
classify each point as an edge or non-edge. Xin et al. 86 proposed a two-stage
method for extracting high-quality line segments from large-scale point
cloud, based on a weighted centroid displacement scheme and three geo-
metric operators. This approach ensures the simplicity, accuracy, and
completeness of the generated line segments.

Buildingon the aforementionedmethods, this paper introduces anovel
feature line extraction approach designed to automatically generate arche-
ological line drawings from noisy, unorganized point cloud of various stone
sculptures. First, a projection of the neighbor-weighted centroid in the
normal direction is employed as a metric for feature detection. This metric
effectively mitigates noise interference and accurately quantifies surface
variation in the point cloud.Next, to construct smoothand complete feature
lines, the feature points are refined by projecting them onto the true feature
line and detecting boundary points, ensuring the integrity of the feature
lines. Finally, an improved curve growth algorithm is utilized to connect the
feature and boundary points, generating smooth, continuous feature lines
that form the archeological line drawings. The method has been tested on a
variety of stone sculptures' point cloud, yielding results that outperform
existing approaches. The primary contributions of this paper are as follows:

(1) A surface variationmetric based onweighted centroid projection is
proposed, which integrates roughness weight and normal difference weight
to calculate theweighted centroid of the target point. The geometric saliency

of the target point is quantified through the projection of the feature vector,
composed of the target point and its weighted centroid, onto the normal
direction.

(2) A separate refinement strategy for ridgeline and valley points is
introduced, enhancing the distinction between ridges and valleys.

(3) An approach for feature line construction based on both distance
and angle is proposed, wherein the distance and angular factors of neigh-
boring points are simultaneously considered during the feature line con-
struction process, thereby generating complete and smooth feature lines.

The structure of this paper is as follows: Section “Methods” overviews
the proposed method and explains the specific principles of each process;
Section “Result” presents the experimental data, results, and a comparative
analysis with other methods; and finally, Section “Discussion” summarizes
the characteristics of the proposed method and discusses future research
directions.

Methods
The automatic generationmethod for archeological line drawings proposed
in this study consists of four primary steps:

(1) Identification of Feature Points
Feature points are typically located in regions where surface changes

are most pronounced. To quantify these changes, the centroid projection
distance is employed as ametric for detecting feature points. Since the input
point cloud may contain noise, some noise points could be mistakenly
identified as feature points. To mitigate this, the centroid is weighted by a
combination of surface roughness and normal difference, resulting in more
robust feature point detection.

(2) Refinement of Feature Points
The detected feature points are generally distributed near the true

feature line, forming a band-like patternof a certainwidth.To ensureproper
connectivity, these feature points must be refined to align linearly along the
true feature line. In this study, principal component analysis (PCA) is uti-
lized to calculate the principal direction of the feature points, projecting
them onto the principal direction line for refinement.

(3) Detection of Boundary Points
Boundary point detection is essential for constructing a complete

feature line for the point cloudmodel. This study adopts the angle criterion
method,whichaccurately extracts boundarypoints by analyzing the angular
relationships between the target point and its neighboring points.

(4) Construction of Feature Lines
After obtaining all feature points and boundary points, voxel down-

sampling is performed to generate a sparse and uniformly distributed point
set. Subsequently, an improved curve growth algorithm is applied to con-
struct smooth and complete feature lines.

The overall methodological workflow is illustrated in Fig. 1.

Fig. 1 | Algorithm Flowchart.
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Feature point detection
(1) Calculation and Reorientation of Normal Vectors

Given an initial point cloud P ¼ fpigNi¼1, assume that P is an unorga-
nized and unstructured point cloud, where N represents the number of
points. For a target point pi, its neighborhood is defined as:

ΩðpiÞ ¼ fpjj k pj � pi k <rg ð1Þ

where r is the neighborhood radius. To obtain the normal vectors of the
point cloudP, PCAcan be used to compute the initial normal vectors. These
normals are then reoriented to ensure consistent directions using direction
propagation and viewpoint-based correction.

The covariance matrix for each point pi is defined as:

Mi ¼
1

jΩðpiÞj
X

j2ΩðpiÞ
ðpj � pÞðpj � pÞT ð2Þ

where jΩðpiÞj is the number of neighboring points of pi and p is the centroid
of the neighborhood. The covariancematrixMi in Eq. (2) is decomposed to
obtain its eigenvalues, with the eigenvector corresponding to the smallest
eigenvalue being the normal vector ni of point pi.

Due to the inherent ambiguity of normal vectors, where the calculation
determines only the line along which the normal vector lies without speci-
fying its direction, this paper employs a minimum spanning tree (MST)
method to reorient the normal vectors. This approach transforms the chal-
lenge of achieving a globally consistent orientation into a graph optimization
problem. Initially, a seed point is selected, with its normal vector oriented
outward. Then, using theminimum spanning tree of the Riemannian graph,
thenormal vectors along the traversal path are adjusted to ensure that the dot
product between thenormal vectors of adjacentpoints is positive, resulting in
a consistent outward orientation across the normal vector field.

(2) Surface Variation Metric
Feature points are generally found in areas of significant surface var-

iation, necessitating an intuitivemetric to quantify this change. In this study,
the centroid projection distance is used as the metric, defined as follows:

Di ¼ jðci � piÞTnij ð3Þ

where ci is the centroidof theneighborhoodΩðpiÞ of the target pointpi.Di is
the projection of the vector pici

�! in the direction of the normal vector ni. As
shown in Fig. 2, points with significant surface variation generally exhibit
large centroid projection distances, whereas points in smooth regions have
smaller projection distances. However, irregular noise can cause certain
points on smooth surfaces to display large projection distances, leading to
theirmisclassification as feature points.Moreover, the small offset of a target

point relative to the centroid reduces themetric’s sensitivity to actual surface
variations.

To address these challenges, this paper introduces a weighted centroid
method as a replacement for the original centroid. The weights are com-
puted based on two factors: surface roughness and variations in normal
vectors. This approach enhances the noise resistance of the centroid pro-
jection distance measurement and improves the differentiation between
feature and non-feature points, thereby increasing the robustness of the
metric.Consequently, it effectivelymitigates the impact of noise and enables
more accurate identification of regions with significant surface variation.

(3) Roughness Weight
In this paper, roughness is definedas thedistance between eachpointpi

and the best-fit plane of its neighborhood ΩðpiÞ. To this end, let the coor-
dinates of the target point pi be ðxi; yi; ziÞ, the centroid coordinates of its
neighborhood ΩðpiÞ be ðxc; yc; zcÞ, and the normal vector of that neigh-
borhood be ni ¼ ða; b; cÞ. Then, the equation of the fitted plane for the
neighborhood is:

aX þ bY þ cZ þ d ¼ 0 ð4Þ

where d ¼ �ðaxc þ byc þ czcÞ. Then, by calculating the distance from
point pi to the plane, the roughness Ri is defined as:

Ri ¼
jaxi þ byi þ czi þ djffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

a2 þ b2 þ c2
p ð5Þ

Roughness reflects the smoothness of the local region of the point
cloud. Regions that are more irregular or rich in surface details have greater
roughness, while smoother or flatter areas have lower roughness. To
enhance the robustness of the centroid, weights are assigned to the neigh-
boring points when calculating the centroid. Neighboring points with
greater roughness are given higher weights, while those with lower rough-
ness receive lower weights. To reduce the influence of noise, this paper
defines the weightWr;i based on the average roughness of the neighboring
points pj 2 ΩðpiÞ of the target point pi. Specifically,Wr;i is defined as:

Wr;i ¼ e�
ri
μr
þ1 ð6Þ

ri ¼
1

jΩðpiÞj
X

j2ΩðpiÞ
Rj ð7Þ

where ri is the average roughnesswithin the neighborhoodΩðpiÞ, andμr is a
scaling factor. The value ofWr;i is constrained to the interval ð0; eÞ and is
negatively correlated with ri.

Fig. 2 | Centroid projection distance. The red line
segments represent the projection distances.

https://doi.org/10.1038/s40494-025-01678-y Article

npj Heritage Science |          (2025) 13:162 5

www.nature.com/npjheritagesci


(4) Normal Difference Weight
Assuming that the normal vectors of the point cloud surface are

consistently oriented, the magnitude of the normal differences within a
neighborhood can reflect the degree of surface variation in that neighbor-
hood. Areas with more distinct features exhibit greater normal differences,
and vice versa. The angle αij between the normals of two adjacent points pi
and pj reflects the normal difference, thereby indicating the degreeof surface
variation within the neighborhood. To mitigate the effects of uneven sam-
pling in the point cloud, the angle βij of the normals within a unit distance is
used as a measure of normal difference:

βij ¼
αij

jpi � pjj ð8Þ

where jpi � pjj is the Euclidean distance between points pi and pj.
The normal difference weightWn;i for the target point pi is defined as:

Wn;i ¼ e�
θi
μθ
þ1 ð9Þ

θi ¼
1

jΩðpiÞj
X

j2ΩðpiÞ
ðβij � βiÞ

2
ð10Þ

where θi is the variance of the unit distance normal angles within the
neighborhoodΩðpiÞ. μθ is a scaling factor, and βi is the average of all normal
angles within the neighborhood of point pi. Similarly, the value of Wn;i is
constrained to the interval ð0; eÞ and is negatively correlated with θi.

Combining the above twoweighting factors, the comprehensiveweight
Wi is defined as:

Wi ¼
1

Wr;i*Wn;i
ð11Þ

To calculate the weighted centroid projection distance for each point,
the weighted centroidWici is used instead of the ordinary centroid:

Di ¼ jðWici � piÞTnij ð12Þ

The weighted centroid projection distance Di in Eq. (12) is used to
quantitatively represent the degree of surface variation. The offset between
the target point pi in the feature area and the weighted centroid is larger,
resulting in a greater projection distance; conversely, in non-feature areas,
the projection distance is smaller. This approach effectively mitigates the
interferenceof noise points and enhances thedifference between feature and
non-feature points. To identify feature points, this paper ranks all points
based on the weighted centroid projection distance Di and uses the 80th
percentile as the threshold ξ. If the current point’s Di is greater than ξ, it is
considered a feature point.

Additionally, the sign of the result from ðWici � piÞTni in Eq. (12) can
be used to determine the concavity or convexity of the feature points. If the
sign is positive, the angle between the vector formed by the target point and
the weighted centroid pici

�! and the normal vector ni is less than 90°, as
shown by point p3 in Fig. 2; if the sign is negative, the angle is greater than
90°, as shown by point p2 in Fig. 2. The normal vectors have been oriented
outward, so the sign of ðWici � piÞTni indicates whether the feature point is
on a concave or convex surface; thus, p2 canbe identifiedas a ridgepoint and
p3 as a valley point.

Refinement of feature points
Thedetected feature points are roughly distributed around the actual feature
lines, forming a band-like structure with a certain width. To achieve the
connectionof feature points, theyneed tobe refined to linearly contract onto
the actual feature lines. Inspired by Lee et al. 40, this paper approximates the
refinementprocess as aprojectionof featurepoints.The input consists of the
extracted featurepoint set. ByperformingPCAon the localneighborhoodof

any feature point, themain directional line of the neighborhood is obtained,
and the point is projected onto this main directional line for refinement.

Let the set of feature points be F, and given a point p 2 F, the neigh-
borhood point set is defined as:

Ω0ðpÞ ¼ fpi 2 Fj k pi � p k <r0g ð13Þ

where r0 is the neighborhood radius. Referring to Eq. (2), the 3×3 covariance
matrix is calculated as follows:

C ¼ 1
jΩ0ðpÞj

X

i2Ω0ðpÞ
ðpi � pÞðpi � pÞT ð14Þ

where p is the centroid of the neighborhood, p ¼ 1
jΩ0ðpÞj

P
i2Ω0ðpÞ pi. By

solving the eigenvalue equation Cxi ¼ λixi; i 2 f0; 1; 2g and assuming
λ0 ≥ λ1 ≥ λ2, we obtain the eigenvector x0 corresponding to the maximum
eigenvalue λ0. The direction of this vector represents the principal direction
of the neighborhood Ω0ðpÞ. The feature point p is then projected onto the
line defined by the centroid p and the eigenvector x0, completing the
refinement.

The refinement process involves multiple iterations. Since the initial
featurepoints areband-like and relativelywide, a larger initial neighborhood
radius is required to ensure coverage of all feature points on the same feature
line, as shown in Fig. 3. As the iterations progress, the width of the band
gradually decreases, allowing for a reduction in the neighborhood radius for
subsequent iterations to improve algorithm efficiency. Let the initial
neighborhood radius be r1 and the number of iterations be η.
Then, ri ¼ 1

2i�1 r1; i ¼ 1; 2; :::; η.
Typically, two spatially adjacent feature lines, such as paired ridges and

valleys, may lead to erroneous results if not distinguished during the
refinement process. For example, when refining feature points on a ridge, a
larger initial neighborhoodmay includenearby valley feature points, leading
to refinement errors. Therefore, based on the concavity and convexity of the
feature points described in Section 3.1, they are classified into valley points
F1:

F1 ¼ fpi 2 FjðWici � piÞTni>0g ð15Þ

and ridge points F2:

F2 ¼ fpi 2 FjðWici � piÞTni<0g ð16Þ

Then refinement is performed separately on F1 and F2.

Fig. 3 | Refinement of feature points.
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Detection of boundary points
Previous work has identified the geometric features of the sampled surface,
excluding boundary points. To generate a complete archeological line
drawings, it is essential to extract boundary points. This paper employs the
Angle Criterion (AC) proposed by Bendels et al. 87 to extract boundary
points.

For a given point p, the angle criterion projects all neighboring
points piði ¼ 1; 2; :::; nÞ in the neighborhood ΩðpÞ onto the tangent
plane of p, resulting in projection points pi

0. Then, using p as the corner
point, the projection points are connected in pairs to p in a clockwise (or
counterclockwise) manner, forming a series of angles
Θ ¼ fθ1; θ2; :::; θn�1g. Themaximumangle θmax inΘ is found; the larger
θmax is, the higher the likelihood that p is a boundary point. Therefore,
an angle threshold ε can be set, and when θmax>ε, p is classified as a
boundary point, as shown in Fig. 4.

Feature line construction
The previous work has identified the complete set of feature points on the
sampled point cloud surface, including ridge-valley feature points and
boundary points. To construct the feature lines of the sampled point cloud,
all feature points need to be connected following certain rules. Since the
density of the refined feature points may be much higher than the average
sampling density of the point cloud and unevenly distributed, uniform
downsampling of the feature points is required to generate sparsely dis-
tributed points with uniform density, which serve as the input for feature
line construction.

This paper proposes an improved curve growingmethod based on Lee
et al. 40 to connect the feature points. When constructing the feature lines, a
neighborhood radius needs to be defined as follows:

R ¼ n � d ð17Þ

where d is the average distance between each point and its nearest neighbor,
and n is a constant, with an empirical value of n ¼ 3.

The basic idea of the algorithm for feature line construction is as
follows:

(1) Randomly select any point p0 as the seed point. In the neighbor-
hood with a radius R, use PCA to compute the principal direction line l0,
defined by p0 and the eigenvector corresponding to the largest eigenvalue in
the neighborhood. Find the nearest neighbor point p1 of p0. If the angle
between the line passing through p0p1 and l0 is smaller than the threshold τ,
then p0 and p1 form the initial vertex set of the feature line, V ¼ fp0; p1g.
Otherwise, continue searching for the next nearest neighbor until a point
meeting the condition is found.

(2) Taking p1 as an example, if the feature line grows from p1, it is
necessary to construct the neighborhood centered on p1 and compute
its principal direction line l1. Then, for all neighboring points except
those in the vertex set V, calculate the angle between the line formed by
pi and each neighboring point and l1, and find the point pi with the
smallest angle. To control the direction of curve growth, ensure that the
angle ffp0p1p2 is greater than 90°. Otherwise, continue searching for a

point that meets the condition. Add the found point to V as the new
endpoint and name it p2. To allow the curve to grow in both directions,
apply the same rule to endpoint p0 and find endpoint p�1, resulting in
the vertex set V ¼ fp�1; p0; p1; p2g.

(3) Repeat step (2) until no further valid endpoints can be found,
ultimately obtaining the vertex set V ¼ fpj; :::; p0; p1; :::; pig. Connect the
points inV sequentially to form a feature curve. Then, mark the points inV
to exclude them from subsequent curve growth processes.

(4) Repeat the above steps until all points are marked, completing the
construction of feature curves.

Figure 5 illustrates the curve growth process. Although pk is the nearest
point to p0, the angle between the line p0pk and l0 exceeds the threshold τ, so
the next nearest point p1 is selected. When continuing to grow the curve at
the endpoint p1, the line p1p2 has the smallest angle with l1, so p2 is chosen
and pm is excluded.

By applying the above method to ridge points, valley points, and
boundary points, the corresponding ridges, valleys, and boundary contour
lines can be obtained.

However, when this method is applied to complex sampled surfaces,
feature line breaks may occur. To address this, this paper proposes addi-
tional connection schemes between feature curves. Typically, feature line
breaks occur at the junctions between different types of feature lines. Ridges
and valleys usually do not intersect, so only the connections between ridges
and boundary contour lines, as well as valleys and boundary contour lines,
need to be considered. At the endpoint of a ridge or valley, the nearest point
on the boundary contour line is found. If the distance between the two
points is less than a certain threshold, the points are connected to form a
complete, closed structural feature line.

Figure 6 illustrates the overall process for the automatic generation of
archeological line drawings.

Results
This section presents the use of various point cloud types as experi-
mental subjects to assess the performance of the proposed method.
Specifically, the experimental data primarily consists of point cloud
from the stone sculptures of the Northern Song Dynasty royal tombs,
including those of civil officials, auspicious birds, mounting stones, and
stone elephants. The point cloud data for these sculptures was obtained
using Structure from Motion (SfM) technology. Additionally, several
point cloud models from the Stanford public dataset were selected for
comparative experiments. The proposed method is compared with
several advanced techniques, including Curvature50, Smoothness
Shrinkage Index (SSI)57, Plane Fitting Residual-Local Shape Variation
(PFR-LSV)70, and Structure to Detail (StD) feature perception72. The
algorithm was implemented in C++, with the following hardware
specifications: AMD R7-5800H CPU and 16 GB RAM.

a b

Fig. 4 | Angle criterion. a Non-boundary point. b Boundary point.

−
l0

l1

Fig. 5 | Curve growth.
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Parameter sensitivity analysis
To achieve better experimental results, the proposed method requires
adjustments to several key parameters. These parameters include the
neighborhood radius r for computing normal vectors and local centroids,
the scale factors μr and μθ , the number of iterations η for refinement, the
angle threshold ε for boundarypoint determination, and the angle threshold
τ for feature line construction.

The neighborhood radius r is a critical parameter that directly
affects the accuracy of feature extraction. The value of r needs to be
determined based on the sample density, typically estimated as a
multiple of the average sampling density of the point cloud; however,
this requires calculating the density of the entire point cloud. To
improve the efficiency of radius estimation, an initial radius can be
estimated based on the bounding box of the point cloud. Then, random

sampling can be performed on the point cloud to calculate the number
of neighboring points within the initial radius for each sampled point,
and to gather statistics on the minimum, maximum, mean, and stan-
dard deviation of the point counts. Based on the statistical data, the
radius is adjusted through an iterative optimization process to find the
most suitable value until the number of neighboring points approaches
the desired value. In this paper, experiments were conducted using the
point cloud of civil official stone sculpture from the Northern Song
Dynasty royal tombs, with desired values set at 8, 12, 16, and 20,
respectively. Comparative experiments showed that the best results
were achieved when the expected number of neighboring points was set
to 16, as illustrated in Fig. 7.

μr and μθ are scaling factors that control the weights of roughness
and normal difference, respectively; they can adjust the contributions of

Fig. 6 | Overall process. a Input point cloud.
b Feature points, with red indicating ridge points
and blue indicating valley points. c Refined feature
points. d Sparse points. e Boundary points.
f Archeological line drawings.

a cb d fe

Fig. 7 | Visualization of different expected values.
a n = 8. b n = 12. c n = 16. d n = 20.
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both factors when computing the weighted centroid. Depending on the
specific characteristics of the sample, the range for μr is ½10�4; 10�1�. In
the experiments, values of μr were set to 10

�1, 10�2, 10�3, 10�4, with the
results shown in Fig. 8, indicating that the best performance was
achieved when μr ¼ 10�3. To ensure that the contributions of the two
weights to the centroid calculation are comparable, the value of μθ must
satisfy the condition r

μr
¼ θ

μθ
, where r and θ are the mean values of ri and

θi for the randomly sampled points in the sample. Generally, an
iteration count η in the range of 3 to 5 can yield good refinement results.
Based on experience, the angle threshold ε is set to 20°, while the range
for τ is ½10°; 20° �.

Qualitative evaluation
This paper tests the proposed method on four different types of stone
sculpture point cloud: civil official, auspicious bird, mounting stone,
and stone elephant. These sculptures exhibit significant differences in
their shape characteristics, and due to prolonged weathering, their
surfaces are uneven, resulting in considerable noise in the corre-
sponding point cloud data. Figure 9 shows the feature extraction results
for the civil official. Due to the presence of irregular noise in planar
areas, the Curvature method fails to correctly distinguish these noise
points, resulting in their incorrect identification as feature points, as
shown in Fig. 9(b). Although SSI can distinguish these noise points,
there is a certain degree of feature loss, as seen in Fig. 9(c). PFR-LSV
demonstrates strong resistance to noise, yielding more refined feature
extraction results. However, the local surface variance used by PFR-
LSV cannot accommodate features of different scales, resulting in non-
feature points near deep features being incorrectly identified as feature
points, as seen in Fig. 9(d). StD can recognize multi-scale features,
providing a more comprehensive feature extraction result, but some
noise still exists, as shown in Fig. 9(e). As shown in Fig. 9(f), (g), the
proposed method produces the best feature extraction results, gen-
erating comprehensive and detailed feature lines.

The auspicious bird in Fig. 10 has multi-level features and a relatively
complex structure. SSI and PFR-LSV fail to identify shallow features,

resulting in feature breakage. SSI achieves a relatively comprehensive set of
features but also contains considerable noise. As shown in Fig. 10(f), the
proposedmethod can extract the most comprehensive set of feature points,
and the corresponding feature line construction results are visually
appealing, as seen in Fig. 10(g).

Figure 11 presents a point cloud model of a mounting stone, with a
highly complex surface pattern composedof numerousfine and dense lines,
significantly increasing the difficulty of feature extraction. The Curvature
andPFR-LSVmethodsmistakenly identify points in unevenareas as feature
points, leading to excessive noise points in the results. The feature points
identified by SSI are very fragmented and evidently contain many errors.
StD effectively removes the influence of noise points; however, there are still
instances of feature loss, primarily due to the small feature scale of this
model, while StD uses a larger initial scale that is not suitable for such
models. Figure 11(g) displays the results of the feature line construction,
showcasing most of the model’s features.

Figure 12 depicts a large stone elephant. Compared to other methods,
the proposed method still achieves the best feature extraction results. The
final constructed feature lines clearly reflect the facial features of the stone
elephant and the patterns on its side, as shown in Fig. 12(g).

To demonstrate the applicability of the proposed method, we
selected two models, the armadillo and the Happy Buddha, from the
Stanford dataset for testing. Figures 13 and 14 show the results of
feature extraction from the armadillo model and the Happy Buddha
model using the proposed method, respectively. The point cloud data
for both models was sampled from their respective meshes. The pro-
posed method achieved superior results in feature extraction compared
to other methods.

To objectively assess the performance of the proposedmethod, we
compared the lines generated by the proposed method with suggestive
contours from the method proposed by DeCarlo et al. 25, as well as with
lines extracted by experts. The generation of suggestive contours
requires performing a 3D reconstruction of the original point cloud to
create a 3D mesh model, followed by the adjustment of various
parameters to achieve optimal results. Additionally, precise

Fig. 8 | Visualization of weight value μr . a 10
�1 (b)

10�2 (c) 10�3 (d) 10�4
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a gfedcb

Fig. 9 | Feature extraction and line drawings for civil official. a Input (b) Curvature (c) SSI (d) PFR-LSV (e) StD (f) Ours (g) Lines.

a gfedcb

Fig. 10 | Feature Extraction and Line Drawings for Auspicious Bird. a Input (b) Curvature (c) SSI (d) PFR-LSV (e) StD (f) Ours (g) Lines.

a c d e gfb

Fig. 11 | Feature extraction and line drawings for mounting stone. a Input (b) Curvature (c) SSI (d) PFR-LSV (e) StD (f) Ours (g) Lines.
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orthophotos can be derived from the 3Dmeshmodel, and experts were
invited to extract lines using AutoCAD based on these orthophotos.
Figures 15–17 illustrate the lines extracted by different methods.
Compared to the suggestive contours, those generated by the proposed
method are more comprehensive and continuous. The lines extracted
by experts are more esthetically pleasing and accurate, as the extrac-
tion process involves manual optimization and refinement, such as

filling in missing lines and removing redundant ones. However, the
lines extracted by experts from orthophotos are 2D, and the entire
process is time-consuming. In contrast, the proposed method is more
efficient and generates 3D lines that contain more information. This
makes the proposed method applicable to fields such as reconstruc-
tion, registration, and object detection, demonstrating its broader
potential for practical applications.

a gfedcb

Fig. 13 | Feature Extraction and Line Drawings for Armadilo. a Input (b) Curvature (c) SSI (d) PFR-LSV (e) StD (f) Ours (g) Lines.

a gfedcb

Fig. 14 | Feature extraction and line drawings for happy Buddha. a Input (b) Curvature (c) SSI (d) PFR-LSV (e) StD (f) Ours (g) Lines.

a gfedcb

Fig. 12 | Feature extraction and line drawings for stone elephant. a Input (b) Curvature (c) SSI (d) PFR-LSV (e) StD (f) Ours (g) Lines.
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Quantitative evaluation
Toquantitatively assess the quality of feature point extraction, we compared
the proposed method with four other methods, and the quantitative results

are presented in Table 1. Due to the lack of true feature information, we
asked professional illustrators tomanually draw and select feature points on
these surfaces as the ground truth feature point set. This paper uses three
metrics to evaluate the performance of eachmethod: Precision (Pre), Recall
(Rec), and F1-score. Pre and Rec are defined as Pr e ¼ TP

TPþFP and Rec ¼
TP

TP¼FN respectively. TP (True Positives) represents the number of correctly
detected points, FP (False Positives) represents the number of incorrectly
detected points, and FN (False Negatives) represents the number of points
that were incorrectly rejected. Pre indicates the proportion of correctly
detected points among all detected points, while Rec reflects the com-
pleteness of the correctly detected feature points. The F1-score is defined as
2× Pr e×Rec

Pr eþRec, representing the trade-off between precision and recall.
As shown in Table 1, the proposed method generally achieved rela-

tively better results across the three metrics, producing results that are
closest to the true features.

Table 2 records the running times of all methods. Different
methods may employ different feature point refinement and connec-
tion strategies, so only the running time of the feature point detection
phase is recorded. We implemented all algorithms in C++ under the
Windows 10 operating system, using Visual Studio 2019 and PCL 1.12
as the development environment. As shown in Table 2, Curvature has
the highest efficiency because this method does not require the calcu-
lation of normal vectors. On the other hand, StD takes the longest time
because it requires feature point detection at multiple scales. The
proposed method is only slightly less efficient than Curvature, with a
shorter running time than the other three methods, demonstrating a
satisfactory level of efficiency.

Robustness test
We assessed the robustness of the proposed method by examining the
impact of point cloud density and accuracy on the final results. The

Fig. 15 | Extracted lines of auspicious bird. aOurs.
b Suggestive coutours. c Expert-extracted lines.

a cb

Fig. 16 | Extracted lines of stone elephant. a Ours.
b Suggestive coutours. c Expert-extracted lines.

a cb

a cb

Fig. 17 | Extracted lines of civil official. a Ours. b Suggestive coutours. c Expert-
extracted lines.
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Auspicious Bird was chosen as the experimental object, with a height of
3.12m, a width of 1.81m, and a surface point density of 104,512 points/m2.
The original point cloud was downsampled to generate datasets with
varying densities, from which feature points and line drawings were
extracted, as shown in Fig. 18. The results demonstrate that the proposed
method performs well in high-density areas and areas with uneven density
distribution, producing high-quality detection outcomes. However, its
performance decreases in low-density regions.

Accuracy refers to the uncertainty in the position of each point
within 3D space, and it is a critical factor influencing the quality of
feature extraction results. To assess the impact of varying levels of
accuracy on the proposed method, we introduced Gaussian noise to
simulate different degrees of error. Gaussian noise, a widely used error
simulation technique, assumes that the positional error of each point
follows a normal distribution. By adjusting the standard deviation, we

generated errors that simulate point clouds with varying levels of
accuracy. Specifically, Gaussian noise with standard deviations of
1 mm, 3 mm, 5 mm, and 7 mmwas added to the original point cloud to
simulate corresponding levels of accuracy.

The proposed feature point detection method operates within the
neighborhood of the target point; thus, errors in neighboring points
inevitably influence the detection results. To mitigate this impact, we
expanded the neighborhood radius during feature point detection,
thereby including a larger number of neighboring points in the detec-
tion process. This approach is based on the principle that a larger
sample size provides a more comprehensive representation of the
overall characteristics, thereby reducing the influence of errors on the
estimated results. However, as the neighborhood radius increases,
smaller-scale features may be omitted, leading to feature loss. More-
over, as the point cloud error increases, a larger neighborhood radius is
required to reduce the impact of the error, which consequently
exacerbates the issue of feature loss.

As shown in Fig. 19, as point cloud accuracy decreases, the line
drawings generated by the proposed method gradually exhibit feature
line breaks and omissions. When the point cloud accuracy reaches 5mm,
the quality of the resulting line drawings deteriorates. This is attributed to
the complex surface of the object under study—the stone sculpture—which
necessitates a high level of point cloud accuracy.Whenpoint cloud accuracy
continues to decrease to 7mm, the proposedmethod fails to extract correct
feature points.

Discussion
This paper investigates the automatic generation of archeological line
drawings from point cloud of large stone sculptures and introduces an
effective method for feature line extraction. The method leverages local
weighted centroid projection as an innovative geometric metric for
detecting feature points on the surface. In this approach, the compu-
tation of the local weighted centroid integrates two key weighting
factors—surface roughness and normal difference—to bolster the
metric’s noise resistance and robustness. Subsequently, the convexity
and concavity of the feature points are accurately identified by ana-
lyzing the geometric relationship between the feature vectors, which are
formed by the feature points and their weighted centroids, and the
reoriented normal vectors. Furthermore, this paper proposes an
enhanced curve growth method that simultaneously balances the dis-
tance and angular factors of neighboring points during the curve
expansion process. By processing from both ends of the curve, this
method leads to a substantial improvement in algorithmic efficiency.
The proposed approach is capable of generating complete and smooth
feature curves and has demonstrated exceptional performance across
various types of stone sculpture point cloud, showcasing broad
potential for practical applications.

In future work, we will explore rendering and stylization techni-
ques for feature lines to create more esthetically pleasing archeological
line drawings.

Table 1 | Quantitative evaluation results

Model Methods Pre Rec F1

Curvature 0.4928 0.6942 0.5764

SSI 0.4466 0.6291 0.5224

Civil official (373k) PFR-LSV 0.3689 0.516 0.4302

StD 0.532 0.7344 0.6170

Ours 0.5465 0.7535 0.6335

Curvature 0.6678 0.6849 0.6762

SSI 0.5868 0.6019 0.5943

Auspicious
Bird (638k)

PFR-LSV 0.6513 0.6681 0.6596

StD 0.6438 0.6471 0.6454

Ours 0.6936 0.6802 0.6868

Curvature 0.4658 0.6849 0.5545

SSI 0.4896 0.6723 0.5666

Mounting
Stone (1416k)

PFR-LSV 0.5136 0.7025 0.5934

StD 0.5026 0.6631 0.5718

Ours 0.5369 0.7432 0.6234

Curvature 0.4555 0.807 0.5823

SSI 0.4082 0.7231 0.5218

Stone
Elephant (323k)

PFR-LSV 0.4547 0.8055 0.5812

StD 0.4845 0.7988 0.6032

Ours 0.4755 0.8293 0.5695

Curvature 0.7053 0.7935 0.7468

SSI 0.6502 0.7682 0.7043

Armadilo (2410k) PFR-LSV 0.7186 0.8109 0.7620

StD 0.7296 0.8091 0.7673

Ours 0.7452 0.8524 0.7952

Curvature 0.7349 0.8157 0.7732

SSI 0.7163 0.8059 0.7585

Happy
Buddha (1184k)

PFR-LSV 0.7928 0.8194 0.8059

StD 0.7824 0.8361 0.8084

Ours 0.8091 0.8436 0.8260

The bold values in Table 1 indicate the best performance for each metric across the methods
compared.

Table 2 | Running times of related methods (Unit: s)

Model Curvature SSI PFR-LSV StD Ours

Civil official 0.87 7.74 5.67 10.55 7.53

Auspicious Bird 1.41 11.04 9.72 20.86 8.22

Mounting Stone 0.74 7.77 7.00 9.80 6.97

Stone Elephant 3.34 19.77 17.44 35.75 6.56

Armadilo 5.22 24.98 24.91 40.64 22.55

Happy Buddha 2.55 24.06 19.10 29.68 12.39
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Fig. 18 | Feature extraction results at different
densities. Surface points density (unit: points/m2):
a 104512 (left half) and 2240 (right half) (b) 1088
(c) 640.
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Data availability
Part of the data supporting the findings of this study is available from
Zhengzhou University, but restrictions apply to its availability. These
data were used under license for the current study and are therefore not
publicly accessible. However, data may be obtained from the authors
upon reasonable request and with permission from Zhengzhou Uni-
versity. The remaining datasets generated during the study are available
in the Stanford 3D Scanning repository, [https://graphics.stanford.edu/
data/3Dscanrep/].

Abbreviations
CAD computer-aided design
CAAD computer-aided architectural design

PCD point cloud data
MDL minimum description length
TV tensor voting
SSI Smooth Shrinkage Index
PFR-LSV Plane Fitting Residual-Local Shape Variation
PCA principal component analysis
MST minimum spanning tree
AC Angle Criterion
SfM Structure from Motion
StD Structure to Detail
TP True Positives
FP False Positives
FN False Negatives

Fig. 19 | Line drawings of point cloud with dif-
ferent levels of accuracy. a 1 mm. b 3 mm.
c 5 mm. d 7 mm.

a dcb
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