
H O S T E D  B Y Available online at www.sciencedirect.com

Journal of Computational Design and Engineering 2 (2015) 79–87

Robust surface segmentation and edge feature lines extraction from fractured
fragments of relics

Jiangyong Xun, Mingquan Zhou, Zhongke Wu, Wuyang Shui, Sajid Ali

College of Information Science and Technology, Beijing Normal University, Beijing 100875, PR China

Received 25 November 2014; received in revised form 4 December 2014; accepted 8 December 2014
Available online 15 January 2015

Abstract

Surface segmentation and edge feature lines extraction from fractured fragments of relics are essential steps for computer assisted restoration of
fragmented relics. As these fragments were heavily eroded, it is a challenging work to segment surface and extract edge feature lines. This paper
presents a novel method to segment surface and extract edge feature lines from triangular meshes of irregular fractured fragments. Firstly, a rough
surface segmentation is accomplished by using a clustering algorithm based on the vertex normal vector. Secondly, in order to differentiate between
original and fracture faces, a novel integral invariant is introduced to compute the surface roughness. Thirdly, an accurate surface segmentation is
implemented by merging faces based on face normal vector and roughness. Finally, edge feature lines are extracted based on the surface segmentation.
Some experiments are made and analyzed, and the results show that our method can achieve surface segmentation and edge extraction effectively.
& 2015 Society of CAD/CAM Engineers. Production and hosting by Elsevier. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Keywords: Surface segmentation; Edge lines extraction; Fractured fragments; Relics

1. Introduction

Cultural relics are the products of social activities for human
beings in certain historical periods, and they have historical,
scientific and artistic values. However, due to the nature and
human activities, many archeological finds are damaged and
cultural relics are broken into a pile of fragments when they
were excavated. So, surface segmentation and edge detection
from fractured fragments are important for cultural relic
protection. In recent years, the development of 3D scanning
and image processing technology allow us to digitize the
fragments of relics accurately. In the 3D virtual cultural relic
restoration, the first steps are surface segmentation and edge
detection, and then the face and edge characters are used for
fractured fragments recombination.

In this paper, we focus on surface segmentation and edge
feature lines extraction on triangular meshes from fractured
fragments of relics. Unlike the common models, color and
texture of fractured artifacts fragments were missing long ago,

so surface segmentation and edge extraction have to be only
based on the geometry feature. In addition, there are several
challenges for surface segmentation and edge extraction on
fractured fragments of relics. Firstly, the shapes of fragments
are complicated, and the number of faces for each fragment is
unpredictable. The size and shape of the fractured surface
usually affect the result. Secondly, the fragments may be
abraded heavily by the nature in a long time, which makes the
obvious feature disappear on the boundary of fragments.
Because of abrasion, the normal vectors of the vertex in some
area may tend to be similar, which affects the accuracy of
surface segmentation. Thirdly, the surfaces of fragments are
often rough with much noise, which will make it difficult to
distinguish between original and fractured surfaces.

1.1. Related work

1.1.1. Surface segmentation
Efficient segmentation of globally optimal surface is well-

studied in many applications, including medical image analysis,
3D model modification, and feature detection. Mangan et al. [1]

www.elsevier.com/locate/jcde

http://dx.doi.org/10.1016/j.jcde.2014.12.002
2288-4300/& 2015 Society of CAD/CAM Engineers. Production and hosting by Elsevier. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

nCorresponding author.
Peer review under responsibility of Society of CAD/CAM Engineers.

www.sciencedirect.com/science/journal/22884300
http://dx.doi.org/10.1016/j.jcde.2014.12.002
www.elsevier.com/locate/jcde
http://dx.doi.org/10.1016/j.jcde.2014.12.002
http://dx.doi.org/10.1016/j.jcde.2014.12.002
http://dx.doi.org/10.1016/j.jcde.2014.12.002


segment the surface into patches by using the total curvature of
the surface as an indication of region boundaries. Eugene et al.
[2] borrow the ideas from Morse theory to segment surface
based on an automatic parameterization method. Zhao et.al [3]
first use the morphological residues to detect edges, and then
apply a triangulation method and a region-growing scheme
based on critical points and surface normals for segmentation
processing. Georgios et al. [4] use crest lines for surfaces
segmentation. They calculate the largest curvature and its
corresponding domain direction on each vertex to classify crest
points. Then, they segment flatten the surface by calculating
crest lines on Geodesic Voronoi diagram. Gabriel et al. [5]
introduce the geodesic centroidal tessellation to compute a
segmentation of the manifold, and derive a fast algorithm based
on a geodesic gradient descent to deal with special features of
the mesh. Sun et al. [6] first detect the edge by using eigen
analysis of the surface normal vector and compute the strength
for each vertex. And then, they use the watershed algorithm to
segment the surface based on the edge information. Kang et al.
[7] transform the surface segmentation problem into computing
a minimum s–t cut in a weighted direct graph, and use the graph
theory to accomplish surface segmentation in volumetric
images.

1.1.2. Edge extraction
Feature line extraction is a key issue in many scientific

fields, such as computer graphics, medical imaging, computer
vision and computational fluid dynamics. Some research
efforts extract feature lines on point clouds data in the past.
Huang et al. [8] introduce the integral invariants to extract the
edge feature points from fractured objects by computing multi-
scale surface characteristics. Gumhold et al. [9] first use
Riemannian tree to create the topology structure, and then
use covariance analysis to classify feature points, finally
compute a minimum spanning tree of feature points. In order
to deal with noise robustly, Pauly et al. [10] use multi-scale
analysis by changing the size of the local neighbors. Demarsin
et al. [11] focus on extracting closed sharp feature lines. They
use first order segmentation to indentify feature regions, and
then construct a minimum spanning tree for closed feature
lines. Weber et al. [12] present a method for detecting sharp
features based on a Gauss map clustering on local neighbor-
hoods without any user interaction.

More researches on feature extraction are based on trian-
gular meshes. Christian et al. [13] obtain the feature points
through computing vertex curvature value on triangle meshes.
Then they remove noise and artifacts with a morphological
operator and maintain the skeleton of the feature region.
Ohtake et al. [14] propose a method by constructing multi-
level implicit surface for detecting ridge-valley lines on dense
triangle meshes. Klaus et al. [15] introduce a scheme based on
discrete differential geometry, and then they augment this
scheme by a filtering method to improve the stability and
smoothness for feature lines extraction. Yoshizawa et al. [16]
present a method that estimate the curvature tensor and
curvature derivatives via local polynomial fitting to detect
the crest line on meshes. Yoshizawa et al. [17] extend the local

polynomial fitting scheme [16] and the general finite-difference
curvature tensor fitting approach [18]. They exploit intrinsic
geometric properties of the curvature extreme and provide with
an inherent level-of-detail control of the detected crest lines.
Weinkauf et al. [19] present a method based on topological
analysis of principal curvatures, which does not depend on
curvature derivatives as previous extraction schemes. They
then introduce the concept of separatrix persistence to smooth
edges and keep the most salient parts only. Vidal et al. [20]
propose an automatic method for robust detection of crest lines
by introducing an estimator for angle among tangent plane
normal vectors on triangular meshes, in particular CAD
models. This method outperforms classical techniques in the
presence of noise.
Our method combines and extends existing techniques from

different research fields to segment surface and extract feature
lines of relics on triangular meshes.

1.2. Method overview

In this paper, we propose a novel method for segmenting
surface and extracting edge feature lines on triangular meshes
from fractured fragments of relics which may be eroded
heavily and have large noises. Given a fragment presented
by triangular meshes, our method first applies the Laplace
operator to smooth the surface and remove noise. We get a
rough surface segmentation by using a clustering algorithm
based on the vertex normal vector. After that, we remove the
noise faces with few points produced in clustering. Then, we
introduce the integral invariant to describe surface roughness
and differentiate between original and fractured faces. In order
to get better affect of edge extraction and optimal surface
segmentation, we merge adjacent faces based on face normal
and roughness. Finally, we extract the edge feature lines from
fragments of relics.
Most of the existing surface segmentation and edge extrac-

tion methods are designed for complete models, and they are
not suitable for fractured fragments. Fractured fragments of
relics are different from common models, their surfaces are
rough and contain large noise, and their sharp features
disappear because of abrasion in a long time. Our method is
designed according to the characteristics of fragment models.
Comparing with existing methods, our method has following
advantages: a) our method can differentiate between original
and fractured faces, which is important to relics restoration;
b) our method is able to deal with cylndrical surface, which has
large bending energy; c) our method is focus on the fragments
which are heavily eroded; d) our method is robust for the
fragments with large noise; e) our algorithm has the linear time
complexity.
The rest of this paper is organized as follows. In Section 2,

we use the Laplace operator to smooth the surface and remove
noise. In Section 3, we present a clustering algorithm based on
vertex normal vector to complete a rough surface segmenta-
tion. In Section 4, we introduce the integral invariant to
differentiate between original and fracture faces. In Section 5,
we extract the edge feature lines after merging adjacent faces
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according to face normal vector and roughness. We demonstrate
the experiment results in Section 6 and the conclusion is in the
final section.

2. Laplace smoothing

The Laplace operator is widely used in computer graphics,
such as model smoothing [21], surface editing [22], and 3D
model processing [23]. We can use it to eliminate high
frequency noise, and smooth the rough surface of the fractured
fragment, which is helpful for subsequent surface segmentation
and edge extraction.

In the n-dimensional Euclidean space, the Laplace operator
is a second order differential operator, defined as the diver-
gence (∇ � ) of the gradient (∇ƒ). Thus if ƒ is a twice-
differentiable real-valued function, then the Laplacian of ƒ is
defined by:

Δf ¼∇2f ¼∇U∇f

Equivalently, the Laplacian of ƒ is the sum of all the unmixed
second partial derivatives in the Cartesian coordinates xi:

Δf ¼
Xn
i ¼ 1

∂2f
∂x2i

In the field of mathematics and physics, the Laplace theory
is continuous, which is different from the theory in computer
graphics. It should be discretized before applying to 3D
models.

Give a triangular mesh model G, G¼ (V, E), where V and E
are corresponding to the set of vertexes and the edges of G
respectively. We use the Laplace operator to each vertex vi on
G, and calculate the offset between vi and the center of its
adjacent neighborhoods. If vi0 is the Laplace coordinate of vi,
then vi0 is defined by:

v
0
i ¼

X
ði;jÞAE

λijðvj�viÞ

λij is a weight factor, which is calculated by the weight of the
adjacent edge eij.

In our case, the Laplace smoothing is simply done by
averaging adjacent neighbor vertices iteratively. It is important
to choose the appropriate number of iterations. In practice,
3 times iterations proved to be sufficient in our experiments.

3. Surface segmentation

Laplace smoothing makes the fragment surface tend to be
smooth with less noise. We can assume that, for vertices on the
same face, their normal vector orientations are similar, which
means their normal vector angles are small. On the contrary,
for vertices on different faces, their normal vector angles are
large. Based on the above analysis, we design a clustering
algorithm based on vertex normal vector for surface
segmentation.

We first calculate the normal vector for each vertex on the
model surface. There are some existing methods to estimate
the vertex normal vector on triangular meshes. Such as the

methods [24,25] use area weighted average method, and the
methods [26–28] are based on discrete curvature. In this paper,
we choose a simple and accurate method to estimate vertex
normal vector.
For vertex P and its adjacent vertexes, we structure the

triangular meshes as Fig. 1. We first calculate the normal
vector for each triangular mesh, and then normalize the sum of
these vectors, the result is regarded as the normal vector of
vertex P.

n
,
p ¼ nor

X
ΔiANðPÞ

n
,
Δi

 !

N(P) is the set of adjacent triangular meshes for P, and
nor ðn,Þ is the normalized function. This method is simple to be
implemented, and the test results show that the estimation of
normal vector is basically accurate. However, it is not robust
when the distribution of the neighbors of vertex p is quite
uneven. In order to improve the robustness of our algorithm,
and make the estimated value be closer to the actual vector, we
weight for each triangle mesh according to the area. The
improved result is as follows:

n
,
p ¼ norðωUn,ΔiÞ

ω is the weighting factor of Δi, and the value is the area
proportion between Δi and N(P):

ω¼ SΔi=
X

ΔjANðPÞ
SΔj

For each pair of vertices p and q, we can estimate the normal
vector angle as follow:

∂ðn,p; n
,
qÞ ¼

cos �1ðn,p; n
,
qÞ

jn,pjU jn,qj

The main idea of our surface segmentation can be divided
into three parts. The first step is initialization. We choose a
vertex in the flat area as the initial vertex for clustering. The
second step is extension. We use the breadth-first search
method to select new vertices based on the relationship of
the normal vectors between the vertex in collection and its
adjacent neighbors. The third step is iteration. We iterate step

Fig. 1. Point P with its adjacent neighbors, and n
, is the normal vector of

ΔPCA.
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one and step two until each vertex belongs to a specific face.
The detail of our methods are presented as below:

1) Define the vertices set on fragment is V¼{v1,v2,…,vn},
where n is the number of vertices, and the face set after
clustering is S¼{S1,S2,…,St}, and each Si contains the
vertices belong on the same face. Initialize S¼ ϕ and each
Si ¼ ϕ, 1r ir t.

2) Choose the initial vertex from the flat area for Si. We regard
the area where all the normal vector angles between the
vertex and each adjacent neighbor are less than the thresh-
old we given as flat area. We define it as follows.

8vjAvni ; ∂ðn,vi ; n
,
vj Þoα

vi is the sample vertex, vni is the set of adjacent vertices of
vi, and α is the threshold. If vi meets the above condition,
we its local area as flat area.

3) Traverse the set Si in breadth-first order, for each vertex vi
in Si, we get its adjacent neighbors vni . For each vjAvni , we
do the following operations:
a) Get its adjacent neighbors vnj
b) Calculate the average angle between vi and each vertex

in vnj as below:

θðvj; viÞ ¼
1
jvnj j

X
vr A vnj

∂ðn,vi ; n
,
vr Þ

c) Calculate the average normal vector for all the vertices
in Si

n
,
Si ¼ norð

X
vr ASi

n
,
vr Þ

n
,
Si is the normal vector of the face represented by the

vertices in Si
d) Calculate the value of similarity function

proximityðvj; viÞ ¼ ωUθðvj; viÞþð1�ωÞUθðvj; n,St Þ
ω is the weight factor. If proximity(vj,vi)oβ, we will add
vj to Si

e) Iterate steps (a)–(d) until each vertex vjAvni has been
traversed

4)
Iterate step 3) until no new vertex will be added to Si,
n
,
p ¼ norðωUn,ΔiÞ and then add Si to S.

5) Iterate the steps (2)–(4) until V ¼ ϕ
6) End of the algorithm.

In the process of surface segmentation, there are two key
steps: select an appropriate initial vertex in each iterate step
and define a reasonable similarity function for the segmenta-
tion algorithm.

The surface segmentation result largely depends on the
selection of initial vertex in each iteration. As we can see, if
we choose an edge vertex as the initial state of clustering, the
actual surfaces which are adjacent to the initial vertex may be
divided into a same clustering area. To ensure that each iterate

step starts from a position near to the central of one surface, we
select a vertex in flat area as the initial state, which can eliminate
the effect of the initial state for the clustering results, and
improve the quality of surface segmentation. Since the flat area
threshold α depends on specific models, in order to eliminate the
dependence, we introduce the following improvement.
Before the clustering algorithm, we calculate flatness for

each vertex as above, and then sort all vertices according to the
flatness values. In each iterate step, we select the first vertex as
the initial state in the sequence, and remove it from the
sequence. In the case of orderly, the probability of the first
vertex in the center of one face is largest. In an iterative
process, if the rest of vertices are clustered, we will remove
them for the sequence. Repeat the process until no remaining
vertices in the sequence, it means that each vertex in the model
belongs to a particular surface.
Similarity function is a key role in our algorithm, as we should

deal with the fragments which were heavily eroded. For each
vertex vi, we consider the average angle of vi and each next
neighbor. θðvj; viÞ reflects the local flatness around vertex vi. For
the worn areas, they may satisfy the local flatness condition. In
order to handle such situation, we have to consider the angle
between nvi and n

,
St , which is defined as θðvj; n,St Þ, and it reflects

the difference between vi and the surface.
So far, we get a rough surface segmentation with lots of

noise faces. The so-called noise faces are the ones with few
vertices which are produced due to local concave and convex,
they mainly exist in the edges of fragments. The existence of
these noise faces will directly affect the effect of edge
extraction, so they should be removed.
The noise faces contain very few vertices. Most of them

only have a few vertices (less than 10), and some even just
have an isolated vertex. With these few vertices, a noise face
cannot form a complete actual face on the fragment. The noise
faces are actually some vertices sets on the model surface
where local concave and convex are obvious, which lead to the
normal angles between vertices in these local area and vertices
in the surrounding flat area are larger than the threshold. Such
areas are mainly distributed in the edges of the model. In order
to remove these noise faces, we define a small threshold K. If a
face contains less than K vertices, we will merge it to a real
adjacent face mainly according to the face normal vector angle.
In the merging process, we should avoid merging two adjacent
noise faces, because they may belong to different real faces. In
our algorithm, the threshold K is set to 10 which is far less than
the number of vertices a normal face contains, so it does not
affect the results of the algorithm.

4. Surface differentiation

There are two kinds of faces on fractured fragments: original
face and fractured face. The original faces of relics exist before
broken, and the fractured faces are produced by broken.
Usually, the original faces are smooth, and the fractured faces
are rough. In the process of restoration, we will use the
information of edge lines and fractured faces to reassemble the
fragments. The existing methods of edge extraction basically
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only pay attention to the information of edge lines. For cultural
relic restoration, we will use fractured faces to match frag-
ments, so surfaces differentiation is a key step in the
application.

In order to differentiate between original and fractured faces,
we introduce the integral invariant of surface roughness
characteristic [8]. We define the local bending energy ek(p)
at p as:

ekðpÞ ¼
1
k

Xk
i ¼ 1

jjnp�nqi jj2
jjp�qijj2

k is the number of neighbors adjacent to p, and qi is a neighbor
of p, np and nqi are the normal vectors of p and qi respectively.
The local bending energy function uses the ratio of vector
difference and the distance between two vertices, which
reflects the local roughness around vertex p, and it will give
a good classification result into original and fracture faces.
However, this method is not applicable to any situation. At
small scales, the local bending energy becomes unstable.
Therefore, we integrate the local bending energy over the
local neighborhood instead:

ek;rðpÞ ¼
1

jNrðpÞj
X

qANrðpÞ
ekðqÞ

NrðpÞ ¼ BrðpÞ \ Φ. Br(p) denotes a ball of radius r, centered
at the point p, and Φ is the model surface. To ensure that
ek;rðpÞ reflects the actual kind of face, we should choose a
suitable k based on the correct local structure, and a suitable r
based on the noise level. For this purpose, we manually two
sets of points from original and fractured faces, and build a
statistical model of ek;rðpÞ. Then we use the results of data
analysis to another testing models set. According to the error,
we adjust the parameters. Iterate this step, until the results tend
to converge.

We set a threshold ϖ for ek;rðpÞ, if the result exceeds ϖ, we
classify p as a fractured surface point, otherwise as an original
surface point. The binary classification result is called surface
roughness characteristic. For each face, we calculate the
numbers of fractured surface points and original surface points.
If a face has a great percentage of fractured surface points,
which means the face is rough and it likely to be a fractured
face. So we differentiate between original and fractured faces
according to the percentage of fractured surface points.

In order to determine an appropriate threshold ϖ and the
percentage of original surface points, we select a set of
fragments as training data before differentiation. First, we
use the clustering algorithm as above to segment surface, and
mark the original and fracture faces manually. Then we make
statistics and analysis for the training data. According to the
results, we get the threshold ϖ and the percentage for the
subsequent feature extraction.

5. Edge extraction

Surface segmentation completes a rough partition for the
surface of fragment, and surface differentiation classifies the

faces into original faces and fractured faces. The current effect
is shown as Fig. 2.
As we can see, the noise faces have been removed, but one

face may be still divided into multiple small faces. Because the
fracture surface is irregular, it results in a great normal
difference between different regions. In the face clustering
algorithm above, in order to handle the fragments were heavily
eroded, the threshold we set in the similarity function is
conservative. Therefore, before edge extraction, we need to
further improve the segmentation results.
We merge faces mainly according to the face normal vector

angle and face roughness. We merge two adjacent faces if they
meet either condition below: 1) their normal vector angle is in
the range of the certain threshold and they are both original or
fracture faces. 2) If a fractured face is completely surrounded
by another fractured face.
In addition to the two cases, the cylindrical surface needs to

be dealt with specially. The bending energy of the cylindrical
surface is almost large, and the method based on normal vector
angle is no longer applicable. We propose an effective method
to deal with this special situation, the details and the effect are
shown in Section 6.
Surface merger is an iterative process. We update the surface

information in each iteration, and repeat this process until the
algorithm converges. In the surface merge algorithm, we
introduce the data structure of Disjoint Sets [29]. Disjoint-set
forests are data structures where each set is represented by a
tree data structure, in which each node holds a reference to its
parent node. They were first described by Bernard et al. in
1964 [30]. In the use of Disjoint Sets, we use the improve-
ments of union by rank and path compression to optimize
performance of algorithm.
The main idea of edge extraction is simple, if the adjacent

neighbors of a point contain points from more than one faces,
this point is on the edge. The details are as follow:

1) Define the set of faces S¼{S1,S2,…St} calculated before
edge extraction, and the corresponding set of edge points
P¼{P1, P2,…Pt}, for each Pi stores the edge points in Si,
initialize each Pi ¼ ϕ.

2) For each face Si, we use the breath-first method to traverse
all the points in the set. For each vjASi
a) Calculate the set of adjacent neighbors vnj

Fig. 2. The effect after surface segmentation and surface differentiation on the
cake fragment, each color represents one face.
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b) If 8v0jAvnj and v0j =2Si we add vj to Pj

3) Iterate step 2) until each face has been traversed.

4) Output the set P, and end of the algorithm.

6. Experiments and analysis

We design a system to implement our method and create
several examples to test our algorithm. The pipeline of our
system is presented in Fig. 3.

We use the 3D laser scanner of vivid910 to scan a set of Qin
Terracotta warriors and horses fragments, they were excavated
in Shanxi, China. Many fragments have been abraded heavily
before excavated, and their surfaces are rough with large noise.
We scan the fragments to 3D models and then deal with the
digital models for our algorithm.

As we can see in Figs. 4 and 6(shown in triangle meshes)
and Figs. 5 and 7(shown in points cloud), we test our
algorithm on a piece of arm fragment for a Terracotta warrior
and a piece of head part for Buddha. The results show that our
method offers a good effect for surface segmentation and edge
feature lines extraction.

We also test our method on the models downloaded from
the online public database [8], and we compare our method
with the method based on point feature value analysis [31].
Among the existing methods, feature analysis is a commonly
used method. This method first calculates the feature value for
each point on the model, and then chooses the feature points.
Finally, it removes the noise points and keeps the main trunk.
There are several challenges for this method: 1) It cannot
guarantee the accuracy of feature points extraction. Many
noise points have high feature values, while some edge points'
feature values may be low because of abrasion. 2) It is difficult

to remove the noise points. 3) Most steps strongly depend on
the thresholds. We compare our method with this point feature
analysis method in the following experiments.
We can see from Figs. 8 and 9 that the method based on

feature analysis is lack of robustness for the models which are
abraded heavily on the edges. Because of abrasion, the sharp
edges tend to be smooth, which leads to the feature values of
points on these regions become smaller. Therefore, in the
process of feature extraction, these points will be ignored. For
our method, we both consider the normal vector angles of the
adjacent points and adjacent faces to assure the accuracy of
clustering with abrasion. The experiments show that our
method is robust to deal with abrasion.
Due to the partial concave and convex on surface, the

method based on feature analysis will probably judge the
points in these areas as feature points. They may create clusters
in some areas independently (as shown in Fig. 10), or become
a branch for the trunk of edge lines (as shown in Fig. 11). The
independent clusters shown in Fig. 10 can be removed by the
threshold, but strongly depend on the threshold. For the
situation of Fig. 11 as shown, the threshold does not work.

Fig. 3. The pipeline of our system.

Fig. 4. The surface segmentation and edge lines extracted from the fragment of
Qin terracotta warrior excavated in Shanxi, China. The white points are the
edge detected.

Fig. 5. The effect of edge extraction of Qin terracotta warrior showed in the
form of points cloud.

Fig. 6. The surface segmentation and edge lines extracted from the fragment of
head part. The white points are the edge detected.
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For our method, we use the face normal vector angle to merge
adjacent faces, and it can remove the branch as Fig. 11. For the
independent cluster, we both consider the face normal vector

and face roughness to merge faces. The experimental results
show that our method can deal with the above two cases
effectively.
Our method has many advantages and improvements

compared with other methods, but we have our own challenges
to deal with, such as the cylinder. The cylinder which has large
bending energy, in the process of clustering, it is likely to be
divided into two or more faces, as shown in Fig. 12. We
consider the fact that natural fracture can't form a cylinder,
which means it only exists in original surface. As the cylinder
contains large bending energy, we can't use normal vector
angle to merge faces in cylinder. So we propose a novel
method to solve this problem. We firstly get the original faces
and calculate the intersections for each pair of adjacent original
faces. Then we calculate the percentage of original surface
points for each intersection. If the percentage exceeds the
threshold, which suggests that the intersection area is smooth,
these faces are likely to belong to a cylinder, so we merge
them. Fig. 13 shows the result after merging the faces belong
to a cylinder, and we can see that our method can effectively
deal with cylinder.
Our method can finish surface segmentation and edge

extraction in linear time complexity. We make a detail analysis
for each step of our method. In the first step Laplace
smoothing, we transform each point from Cartesian coordinate
to Laplace coordinate. For each point, the time spent is only
related to the number of its adjacent edges, as triangle meshes
already contain the topology between vertices, so this process
can finish in linear time complexity. In surface segmentation,
we firstly calculate normal vector for each vertex. Like Laplace
smoothing, this step costs linear time. Then we use breadth-
first search method to cluster. As we all know, the breadth-first
search costs linear time complexity for one search. So the time
complexity in this step is also linear. In the following step
surface differentiation, we calculate the local bending energy
for each point, which is similar to calculate vertex normal
vector. For the last step edge extraction, we only need to
traverse each point one time. In the total process, there are
some merging steps, and their time complexities are only
related to the number of faces which is far fewer than the
number of points. So, the time complexity of our method is
linear.
We run our system on a computer equipped with an Intel

Core i5-3470 CPU running at 3.20 GHz and 4.00 GB RAM.

Fig. 7. The effect of edge extraction of head part showed in the form of points
cloud.

Fig. 8. The experimental comparison result between our method (right) and
method [31] (left) on the Qin terracotta warrior fragment with abrasion, and the
abraded area is in the rectangular box.

Fig. 9. The experimental comparison result between our method (right) and
method [31] (left) on the first cake fragment with abrasion, and the abrade area
is in the rectangular box.

Fig. 10. The experimental comparison result between our method (right) and
method [31] (left) on the second cake fragment with noise, and the noise area is
in the rectangular box.
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Table 1 lists the running times for our method and method [31]
with the above fragments and several other fragments. The
results show that our method has good stability for different
fragments, and costs less time than method [31].

7. Conclusion

In this paper, we present a method for surface segmentation
and edge feature lines extraction from fractured fragments of
relics on triangle meshes. Our algorithm purely bases on the
geometric information of the fragment. We focus on the
cultural heritage fractured fragments which were heavily
eroded. The core of our method contains three phases. We
first use a clustering algorithm based on point normal vector to
achieve a rough surface segmentation. Then we introduce the
integral invariant to calculate surface roughness and differ-
entiate between original and fracture faces. Finally, we merge
the faces according to face normal vector and roughness
characteristic, and extract edge feature lines based on surface
segmentation. The experiment results demonstrate that our
algorithm can deal with the most of fractured fragments and
can complete surface segmentation and edge feature lines
extraction robustly.
The contributions of this paper are mainly manifested in two

aspects. The first aspect, we classify and summarize the
existing surface segmentation and edge feature lines extraction
algorithms. We analyze the characteristics of the cultural relic
fragments, then show the challenges of feature extracting from
fragments and explain why the traditional methods are not
suitable for these models. The second aspect, we propose an
automatic feature extraction algorithm based on surface
segmentation for relic fragments. We apply the clustering
algorithm based on the normal vector to deal with fragments
were heavily eroded and restore the edge features, which is a
hard work for the traditional methods. We introduce the
integral invariant to differentiate between the original and
fractured faces, for lots of existing feature extraction algo-
rithms only tend to focus on the edge feature but ignore the
surface feature and the difference between original and
fractured faces. We put forward a new idea, which has been
shown above and proved to be effective, for the cylinder with
large bending energy. We can get a better surface segmentation
and edge extraction effect after dealing with the cylinders.
Comparing to existing feature extraction algorithms, our

method obtains a better effect for cultural relic fragments.
Meanwhile, there are still some limitations in our method can
be further improved. In the process of surface segmentation,
we cluster sampling points mainly according to the normal
vector, but rarely use other features. How to synthetically use
other features to improve the clustering algorithm is a worthy
topic for the further research. In addition, we set the threshold
of normal vector angle manually according to our experience,
which may lead to our algorithm depends on the specific
models. In the future research, we will design an adaptive
threshold algorithm based on the characteristics of fragments.
In order to achieve this improvement, we may consider some
machine learning methods. In addition to improving our
existing algorithm, there are two more relevant future research
directions. One application is fractured objects reassembling.
The restoration has important significance to the protection of
cultural relics. We can use the features extracted with our
method to joint fragments, reassemble fractured objects and

Fig. 11. The experimental comparison result between our method (right) and
method [31] (left) on the third cake fragment with noise, and the noise area is
in the rectangular box.

Fig. 12. The cylinders of cake fragment (left) and Gargoyle fragment (right)
before processing.

Fig. 13. The cylinders of cake fragment (left) and Gargoyle fragment (right)
after processing.

Table 1
Performance comparison between our method and method [31].

Fragment Point number Run time(s)

Our method Method [31]

Terracotta warrior 35844 24 29
Cake_part1 13929 8 11
Cake_part2 11615 6 10
Cake_part3 13709 7 19
Cake_part4 29425 21 36
Gargoyle 36895 31 49
Buddha head 27141 24 29
Brick 39888 21 31
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implement cultural relics restoration. The other is research
objects extension. Feature extraction for 3D models is an
important research topic and has wide application prospect.
We will consider to applying our method to the objects in other
fields, such as industrial parts.
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