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a b s t r a c t
We present a framework for 3D model reconstruction, which has potential applications to a spectrum of
engineering problems with impacts on rapid design and prototyping, shape analysis, and virtual reality.
The framework, composed of four main components, provides a systematic solution to reconstruct geometric model from the surface mesh of an existing object. First, the input mesh is pre-processed to ﬁlter
out noise. Second, the mesh is partitioned into segments to obtain individual geometric feature patches.
Then, two integrated solutions, namely solid feature based strategy and surface feature based strategy,
are exploited to reconstruct primitive features from the segmented feature patches. Finally, the modeling
operations, such as solid boolean and surface trimming operations, are performed to ‘‘assemble’’ the
primitive features into the ﬁnal model. The concepts of ‘‘feature’’, ‘‘constraint’’ and ‘‘modeling history’’
are introduced into the entire reconstruction process so that the design intents are retrieved and exhibited in the ﬁnal model with geometrical accuracy, topological consistency and ﬂexible editability. A variety of industrial parts have been tested to illustrate the effectiveness and robustness of our framework.
Ó 2012 Elsevier Ltd. All rights reserved.

1. Introduction
In many industries, such as the aerospace, automobile, and die
and mold industries, plenty of efforts have been put on the design
and manufacture of advanced products that deliver superior performance. The ability to rapidly design those products with improved characteristics is vital to success in the competitive
environment of continuous change, and to respond quickly to the
changing markets. However, conventionally, the product is designed on the shop ﬂoor instead of on the computer screen, and
is represented by real physical prototypes, rather than virtual digital models. For example, style artists often work on physical mediums such as clay or wood rather than digital models to achieve a
favorable shape design in the automobile industries (Huang and
Menq, 2002). With the advance of CAD/CAM technology, creating
geometric models of existing objects plays a substantial role in reverse engineering, especially when the prototype is created or
modiﬁed on the shop ﬂoor and when the CAD model does not exist.
Therefore, there are increasing demands to achieve 3D model
reconstruction of existing objects in various industrial applications.
Typically, the applications of model reconstruction consist of three
categories: (1) the reproduction application; (2) the quality control
application and (3) the redesign and modiﬁcation application
(Langbein, Marshall, and Martin, 2004). In the ﬁrst two cases, the
low level design intents are sufﬁcient to their purposes, where only
⇑ Corresponding author.
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the exact shape information is needed. In the case of last one, the
high level design intents, such as the geometric properties and
relations, are required. Speciﬁcally, the high-level design intents
refer to the information regarding features and constraints. Our
framework aims to capture the design intents from existing objects
and hence represent them in reconstructed models.
1.1. Previous works
Many model reconstruction methods have been proposed for
converting scanning data to geometric models (Au and Yuen,
1999; Benko et al., 2001; Bernardini et al., 1999; Chivate and Jablokow, 1993, 1995; Franke, 1982; Hoppe et al., 1992; Park and
Kim, 1996; Pottmann and Randrup, 1998; Pratt, 1987; Protopsaltis,
2009; Varady et al., 2007; Varady et al., 1997), which can be classiﬁed into two types: (1) surface-based methods and (2) featurebased methods. Comparatively, the surface-based methods have
been studied more maturely. For instance, most of the state-ofthe-art commercial reverse engineering systems such as CATIA,
CopyCAD, Geomagic, Imageware, Rapidform and RE-SOFT adopt
this surface-based strategy to reconstruct geometric models. The
surface-based methods are typically suitable for products comprised of freeform surfaces, e.g., the surface parts of automobiles
and aircrafts. However, they are not applicable to complicated
industrial parts consisting of geometric features and constraints.
The feature-based strategy was proposed to carry out model
reconstruction of industrial products. Werghi, Fisher, Ashbrook,
and Robertson (1998), Werghi, Fisher, Robertson, and Ashbrook
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(1999) and Fisher (2004) studied the constrained reconstruction of
3D geometric models of objects from range data and proposed a
new technique of global shape optimization on the basis of feature
positions and geometric constraints. They pioneered in giving such
a large framework for the integration of geometric relationships in
object reconstruction. The basic idea is to minimize a function containing a least-squares term and a penalty term associated with the
constraints. This method uses a complex formulation of the constraint function, which heavily relies on the convexity of the constraint space and also needs accurate initial estimates of the
solution. Benko, Kos, Varady, Andor, and Martin (2002), Kos, Martin, and Varady (2000) and Lukacs, Marshall, and Martin (1998)
conducted the research of solid model reconstruction with boundary representation and constrained quadratic surface ﬁtting in reverse engineering. Thompson, Owen St, and Germain (1999)
worked on the REFAB project to reconstruct models of manufactured parts. The constraints and features are ﬁrst introduced in REFAB so that high accuracy models are reconstructed efﬁciently.
Because only simple features are used, this method is incapable
of handling complicated parts. Ke et al. (2006) proposed featurebased reverse engineering strategies for modeling industrial components from point clouds to surfaces, in which the sectional feature based strategy and surface feature based strategy are
exploited respectively. The main idea is to construct surface features and thereby perform surface modeling operations to generate
the ﬁnal model. However, it is non-trivial to impose the global constraints to surface features to generate a highly accurate and topologically consistent model. Ye et al. (2008) proposed a reverse
engineering innovative design methodology (namely RID), which
has introduced the deﬁnitions and construction of feature-based
parametric solid models from scanned data. The RID methodology
makes design and knowledge reuse possible for 3D digital design
applications. The concept of surface feature reconstruction is incorporated into the methodology, while the solid features are not considered. Durupt, Remy, and Ducellier (2010) came up with a
knowledge based reverse engineering (KBRE) methodology, which
includes the functionality of managing and ﬁtting manufacturing
and functional features in mechanical products. The method categorizes and reconstructs features from manufacturing point of
view, not from geometric perspective. Beccari, Farella, Liverani,
Morigi, and Rucci (2010) presented a reverse engineering method
for fast and interactive acquisition and reconstruction of a digital
3D model representing an existing physical object. This method
uses a pen-based active stereo acquisition system to capture curve
network of cubic splines and reconstruct a smooth surface using
the Catmull–Clark subdivision technique. This method takes as
an input the curve network of contours of 3D model, instead of
the scanned point cloud. Consequently, minor features may be discarded and the reconstruction result is not accurate.

2. Overview of our framework
Our framework provides a systematic solution to reconstruct a
3D model from the surface mesh of an existing object. First, the input mesh is processed using the mesh smoothing technique, and
mesh segmentation is performed on the mesh to extract individual
geometric feature surfaces. Then, two types of feature reconstruction schemes are applied to the geometric feature surfaces to construct the primitive features. Finally, according to the topological
and connectivity relationships of primitive features, a series of
modeling operations are performed on those features to generate
the ﬁnal geometric model using the geometric modeling kernel:
Open CASCADE (http://www.opencascade.org/, xxxx). Meanwhile,
the history of model building operations is stored. Fig. 1 gives a
systematic ﬂowchart for model reconstruction from a surface mesh

and an example of the fandisk model reconstruction. In summary,
the main contributions of this paper are:
 An effective framework is proposed to produce the unique
boundary representation of a complex 3D object. It is capable
of automatically extracting geometric features and reconstructing CAD models from low quality mesh.
 An effective mesh denoising method is presented to ﬁlter out
noises, capable of preserving smooth and sharp features.
 The combination of solid feature based and surface feature
based strategies is proposed, allowing for reconstructions of
all kinds of industrial products.
 Parametric features, constraints and modeling history are incorporated into the model reconstruction so that the original
design intents are captured and embedded in reconstructed
models. The strategy brings fast and ﬂexible editing capabilities
to models and hence facilitates model reuse and redesign for
innovation applications.
3. Mesh processing
With the advance of scanning techniques, the 3D scanning device has become a powerful and popular tool to capture point
clouds from an existing object. The surface mesh of the object is
thereby generated from tessellation of the point clouds. During
scanning, it is inevitable to introduce some noises to the acquired
data, and consequently the surface mesh is noisy. Such noises usually result in errors to the subsequent model reconstruction. Therefore, removing the noises from the mesh, namely mesh denoising,
is crucial prior to further processes. Over the last two decades,
mesh denoising has been studied deeply and a number of methods
have been proposed (Desbrun, Meyer, Schroder, and Barr, 1999;
Fleishman, Drori, and Cohen-Or, 2003; Hildebrandt and Polthier,
2004; Jones, Durand, and Desbrun, 2003; Lange and Polthier,
2005; Ohtake, Belyaev, and Seidel, 2002; Sun, Rosin, Martin, and
Langbein, 2007; Taubin, 1995, 2001; Zheng, Fu, Au, and Tai,
2010). Botsch et al. (2007) gave an insightful survey on general
mesh smoothing and denoising. Using the Laplacian operator, Taubin (1995) proposed a mesh smoothing method by using an isotropic scheme to improve the smoothness of a surface mesh, while
alleviating the shrinkage problem. Desbrun et al. (1999) extended
Taubin’s work to smooth irregular mesh by using geometric ﬂows
and re-scaling the mesh to preserve its volume. However, features
are often blurred or ﬁltered out in both methods. Ohtake et al.
(2002) deﬁned an error function over the mesh, the new position
of each vertex is calculated through the minimization of the function. They also designed a diffusion-type smoothing method on the
normal ﬁeld. Jones et al. (2003) designed a non-iterative, featurepreserving smoothing algorithm by adopting local ﬁrst-order predictors statistically deﬁned on triangular surface meshes. Similarly,
a bilateral ﬁlter is applied to the signed distances of neighborhood
to the tangent plane on a vertex and the vertex is updated along its
normal vector with the displacement obtained from the ﬁlter (Fleishman et al., 2003). The two bilateral methods work well in the
presence of low noises but become ineffective with high level of
noise. Hildebrandt and Polthier (2004) used mean curvature ﬂows
to remove noises while retaining features and volumes. Sun et al.
(2007) designed a truncated function to ﬁlter the normal vector
and update the vertex position, which is fast and effective to remove mesh noises. These approaches work well at low noise levels.
When the noise level became reasonably high; however, it would
oversharp or create features that do not exist in the original mesh.
We propose an efﬁcient, feature-preserving mesh denoising approach based on anisotropic neighborhood searching and surface
ﬁtting techniques. First, a new ﬁlter is designed to operate on the
normal vector ﬁelds. For each vertex, we choose as a seed face
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Fig. 1. A systematic ﬂowchart for model reconstruction from a surface mesh.

one of its incident faces whose normal is closest to the vertex normal, and search the anisotropic neighborhood of the seed face as
the neighborhood of the vertex. Over the neighborhood, the vertex
is updated using the quadratic surface ﬁtting and projection
methods. The above procedure is repeated until convergence, i.e.,
the Hausdorff distance between the meshes from the ith and
(i + 1)th iterations is less than a pre-speciﬁed threshold. Here, we
introduce the face normal ﬁlter ﬁrstly. Given a face fi, let NFF(i) =
{jjf(i) \ f(j) – ;} be the index set of neighboring faces of fi, then
the updated normal of fi is given as:

nfðiÞ ¼ normalize

X

!

hj nj

ð1Þ

j2NFFðiÞ

where nj is the normal of face fj (j 2 NFF(i)), and hj is a weighted
function deﬁned by:

hj ¼



f ðkni  nj k  TÞ if kni  nj k > T
0

ð2Þ

otherwise:

pﬃﬃﬃ
where 0 < T < 2 is a pre-deﬁned threshold, and f(x) is a monotonically increasing function for x P 0. According to our experiments,
f(x) = x4 always produces preferable results.
Next, we design a normal-weighted distance metric to search
the anisotropic neighborhood of vertex. The normal-weighted distance is deﬁned for each surrounding face around a seed face. Let fi
be a seed face and fj, fk are two adjacent faces within the neighborhood of fi, see Fig. 2. n(i), n(j) and n(k) are the normals of fi, fj and fk,
respectively. cj, ck are the centroids of fj, fk, and mpjk is the middle
point of the common edge of fj and fk. The distance between two
adjacent faces, fl and fl+1, is deﬁned as dl,l+1 = kcl  mpl,l+1k + kcl+1 l,l+1 = kcl  mpl,l+1k + kcl+1  mpl,l+1k. Then, the normal-weighted distance from the face fk to the seed face fi is calculated as:
j
X
Distðfi ; fk Þ ¼ Distðfi ; fj Þ þ x1 knðiÞ  nðkÞk dl;lþ1 þ x2 knðjÞ
l¼i

 nðkÞkdj;k

ð3Þ

where x1 and x2 are the non-negative values within the range of (0,
1). In our experiments, x1 ¼ 13 ; x2 ¼ 16 give good results. Note that
there are typically more than one path going from fi to fk. In this case,
the distance is calculated for each path and the shortest one can be

Fig. 2. Illustration of the normal-weighted distance.

chosen using Dijkstra’s algorithm. After the normal-weighted
distance is calculated for every triangular face in the neighborhood
of the face fi, the anisotropic neighborhood is chosen as those triangles whose distances to the seed face are less than a pre-speciﬁed
distance threshold. For each vertex v, we search one of its incident
triangular faces, denoted by f, whose normal is the most similar to
that of v. The selected triangular face f is used as a seed face to search
its anisotropic neighborhood using the distance metric above, which
is considered as the neighborhood of v. Then we ﬁt the searched
neighborhood of each vertex with a quadratic surface, followed by
projecting the vertex along its normal vector onto the ﬁtted surface
to obtain the projection point. The new position of the vertex is
updated with the projection point. The entire mesh is processed by
performing the ﬁtting and projection operations on all vertices. The
above procedure is repeated iteratively until the Hausdorff distance
between two meshes from the ith and (i + 1)th iterations is less than
a pre-deﬁned threshold. As a result, the ﬁnal denoised mesh is
obtained. In our algorithm, the parameters mainly consist of the
number of iterations in face normal ﬁltering: n1, the sharpness
threshold T, the number of anisotropic neighboring vertices in surface ﬁtting: n2, and the convergence threshold: d. To demonstrate
the effectiveness of our method, we compare it with several recently
related methods, see Fig. 3. From the ﬁgure, our method achieves a
better result than others.
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Fig. 3. Mesh denoising on the fandisk model. (a) Original mesh, (b) noisy model (Gaussian noise: 0.25 the mean edge length), and the results from (c) Fleishman et al. (2003)
(n = 10), (d) Hildebrandt and Polthier (2004) (n = 70), (e) Sun et al. (2007) (n1 = 10, n2 = 20, T = 0.4), (e) Zheng et al. (2010) (n1 = 5, rs = 0.3, n2 = 10) and (f) ours (n1 = 5, T = 0.6,
n2 = 10, d: 0.05 ⁄ the mean edge length of the mesh). The second row shows sharp feature details of denoised meshes, and the third row gives the mean curvature
distributions of denoised meshes. From the comparisons, we can see that sharp features are better preserved with our method.

4. Mesh segmentation
In the conventional design, a model is created by assembling a
series of basic geometric features. To reconstruct the geometric
model with high accuracy and capture high level information,
namely the design intents, the surface mesh needs to be segmented into patches, each of which corresponds to a single feature
surface.
Mesh segmentation has been studied by many research scientists. Different criteria and methods of mesh segmentation have
been comprehensively summarized by Attene et al. (2006), Agathos, Pratikakis, Perantonis, Sapidis, and Azariadis (2007), Shamir
(2008), Chen, Golovinskiy, and Funkhouser (2009). Vieira and Shimada (2005) presented an automatic algorithm to partition scanning data into regions closely approximated by single surfaces. It
is fairly suitable for freeform surface mesh models, such as the
sheet metal models, but not appropriate to process regular
mechanical parts. Attene, Falcidieno, and Spagnuolo (2006)
proposed a hierarchical face clustering method to decompose a triangular mesh on basis of plane, sphere and cylinder ﬁtting technology. This method attempts to partition a triangular mesh into
components which can be faithfully ﬁtted with one of those three
primitives. However, it has apparent limitation to deal with the
mesh model including freeform surfaces. To address those issues,
we have proposed an effective mesh segmentation method for
complicated models, which are not only applicable to regular surface models, but to arbitrary freeform surface models as well. The
segmentation algorithm is given below.

4.1. Plane segmentation
The region growing technique is used to carry out plane segmentation ﬁrstly. By choosing an arbitrary, un-segmented triangular face as the ﬁrst seed, the region is initialized with this seed face.
The region grows by adding one of three neighboring faces whose
normal is closest to the seed face normal, and the process repeats
iteratively until no more faces could be added into the current
region. This region is referred to as a segment. By repeating the

above process until all faces of mesh are segmented, the initial
segmentation is thereby achieved. For each segment, the standard
deviation of all face normals is used to determine whether the segment is plane or not. If not, the further segmentation is needed.
4.2. Quadratic surface segmentation
The curvatures of vertices are calculated by ﬁtting the local
neighborhoods with quadratic surfaces. According to Besl and Jain
(1998), the triangular faces of mesh can be completely labeled with
eight types (i.e. peak, pit, ridge, valley, saddle ridge, saddle valley,
minimal surface and ﬂat) in terms of curvatures, and hence divided
into different patches. The minimal curvature of vertices on the
cylinder surface is zero, while the maximal curvature is a non-zero
constant. For a sphere surface, the Gaussian and mean curvatures
are constant. The Gauss mappings of the normals of faces on the
cone surface form a small circle of the Gauss sphere. Based on these
observations, the statistics and Gauss mapping technology is
exploited to carry out further segmentation using the region growing method, followed by recognizing the cylinder, sphere and cone.
Due to noises and computational errors, the real data may not
strictly comply with those observations. For example, the mappings of all face normals on a cone surface are not likely located exactly on a small circle. To address this issue, we ﬁt the mappings
with a circle and calculate the standard deviation of the ﬁtting error. If the standard deviation is less than a small value and the radius of the ﬁtted circle is less than the radius of Gauss sphere, i.e.,
1, the mappings are considered to be around a small circle and
hence the region is regarded as a cone surface segment. As a result,
the quadric surface can be recognized and decomposed after performing the region growing processes on all non-planar segments
from the initial segmentation. The remaining segments, which are
neither planar nor quadric surface features, need to be further reﬁned in the next subsection.
4.3. Freeform surface segmentation
In industrial applications, freeform surfaces of models are
usually represented with the B-spline surface. Accordingly, we
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exploit the bicubic B-spline surface ﬁtting method to carry out
segmentation reﬁnement. We ﬁrst choose a few connected triangular faces within freeform surface segments as a seed region
(named an original seed region), and ﬁt its vertices with a bicubic
B-spline surface. Taking the ﬁtted B-spline surface as an input, the
region grows by adding the vertices which are not included in but
adjacent to the current region. Each added vertex should satisfy
three compatible conditions with the region: (1) the projection distance of the vertex onto the ﬁtted face is less than a small value; (2)
the normal vector of the projection point on the ﬁtted surface
should be close to that of the vertex; and (3) the principle curvatures of the projection point should also be close to those of the
vertex. The region growing process terminates when no more vertices can be added into the region, followed by ﬁtting a new Bspline surface on the region. We clear all faces in the current region
and update it with the original seed region. The region growing
process above is performed again by taking the newly ﬁtted Bspline surface as an input. This procedure is repeated until the
maximal region is achieved and hence a ﬁnal segment is obtained.
Essentially, this region growing method attempts to maximize the
number of topologically connected vertices that can be faithfully
ﬁtted by a single underlying B-spline surface. According to our
experiments, the original seed region affects the ﬁnal segmentation result to some degree. In our implementation, we always
choose as an original seed region the connected triangular faces
which possess the lowest variance of the principle curvatures.
Technically, we calculate the mean curvature variance of a ﬁxedsize neighborhood of each vertex, and choose the neighborhood
with the lowest variance as a seed region. By applying this region
growing process to all freeform surface segments, the ﬁnal segmentation reﬁnement is achieved.
5. Solid feature reconstruction
In 3D models, the primitive features are composed of solid features and surface features. In this section, we introduce the corresponding reconstruction methods for solid primitive features,
including extrude, revolve, sweep, and loft features. Speciﬁcally,
we convert the problem of feature reconstruction into extracting
feature parameters.
5.1. Extrude feature
In the conventional modeling, an extrude feature is generated
by extruding a 2D contour along a constant direction with a certain
distance, where the direction is always perpendicular to the underlying plane of the 2D contour. Then, we observe that the normal of
each point on the side surface of the feature is perpendicular to the
extrude direction, based on which the extrude direction can be extracted. Let P = {p1, . . . , pm} be the points on the side surface of an
extrude feature, N = {n1, . . . , nm} the corresponding normals of P,
then the direction va can be computed as follows:

! #
"
8
m
X


>
< min v T
T
ni  ni v a
a
i¼1
>
:
s:t: kv a k2 ¼ 1

5.2. Revolve feature
In the conventional modeling, a revolve feature is constructed
by revolving a 2D contour around an axis with a certain angle.
Then, the lines along the normals of all points on the side surface
of the revolve feature are coplanar with the axis. Based on this
observation, we can extract the revolve axis. Let P = {p1, . . . , pi, . . . , pm} be the points on the side surface of a revolve feature,
N = {n1, . . . , ni, . . . , nm} the corresponding normals of P. Let pa be a
point on the axis, va the vector of the axis, ui the angle between
ni and va, and disti is the distance between the axis and the line
determined by pi and ni, which could be expressed as: (See Fig. 4)

disti ¼

jðpa  pi Þ  ðv a  ni Þj
j sin ui j

ð5Þ

Theoretically, the distance is zero between the line of each normal to the axis. Therefore, by solving the following optimization
model:

8
m
m
X
X
>
2
< min
dist i ¼ min
½ðpa  v a Þ  ni þ ðpi  ni Þ  v a 2
i¼1
i¼1
>
:
s:t: kv a k2 ¼ 1

ð6Þ

the axis of the revolve feature is obtained.
Then, we construct sectional planes to extract the revolve contour. A base plane p is created, passing the line determined by pa
and va. By rotating the base plane along the revolve axis with a series of angle intervals a, . . ., ka, a set of sectional planes pln1, . . ., plnk
are generated, followed by intersecting those sectional planes with
the side surface, resulting in a series of sectional points. k is the
number of sectional planes and is typically set to 90 in our implementation. The constraint-based ﬁtting method is exploited to ﬁt
those points to obtain the revolve contour. Next, we project all
points on the side surface of the revolve feature onto p and calculate the angle range of the projection points around pa on p as the
revolve angle.
5.3. Sweep feature
In the conventional modeling, a sweep feature is created by
sweeping a 2D proﬁle along a spatial path. Generally, the sweeping
operation has two options: (1) the proﬁle section remains perpendicular to the path at all times; (2) the proﬁle section remains parallel to the beginning section at all times. The feature from the
latter case could be considered as a loft feature, discussed in the
next section. We consider the former case here. Theoretically, the
associated sweep proﬁle of each point on the sweep surface is
orthogonal to the tangent vector in the Darboux frame of the point
on the surface, based on which the sweep path can be extracted.
Let P = {p1, . . . , pi, . . . , pm} be the points on the sweep surface,
N = {n1, . . . , ni, . . . , nm} the corresponding normals of P. For each

ð4Þ

Then, we calculate the centroid pa of P, and construct a sectional
plane determined by va and pa. Having this sectional plane, we can
reconstruct the 2D contour of the extrude feature using the constraint-based ﬁtting method. Next, we project all the points of
the side surface onto the line determined by va and pa, and choose
the two extreme points of those projection points as the start, end
points of the extrude feature. As a result, the extrude distance is
determined.
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Fig. 4. Extraction of the revolution axis of the revolve feature.
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point pi, the tangent vector Ti is computed using local quadratic
surface ﬁtting method. Then the section plane pi is created at pi
with the normal vector of Ti. After that, the intersection points
IPi = {ipi,1, . . . , ipi,j, . . . , ipi,l} is obtained by intersecting pi with P (l is
the number of intersection points), whose normal vectors are
Ni = {ni,1, . . . , ni,j, . . . , ni,l}. Then, we calculate the associated point
api of pi on the path, i.e., the intersection point between the sweep
proﬁle at pi and the sweep path. We observe that the sum of the
squared distances to the associated point on the path should be
as small as possible from the extension lines of the normal vectors
of the intersection points on a section plane. Solving this optimization problem yields an associated point of pi on the path. For all
points in P, we can get all the points on the path. Then, we ﬁt those
points with a cubic B-spline curve, which is the sweep path.
Next, we sample the sweep path into a set of points adaptively,
which means there are more sample points in the high curvature
areas on the path, while less in the low curvature areas. At each
sample point, we create a section plane orthogonal to its tangent
vector and intersect it with the sweep surface to get the intersection points. Having the associated intersection points of all sample
points, we ﬁt them to obtain the sweep proﬁle. Fig. 5 presents the
reconstruction result of a sweep feature.
5.4. Loft feature
In the conventional modeling, a loft feature is formed by blending multiple proﬁle sections and transitioning them into smooth
shapes between the proﬁle sections. Generally, this operation can
be transformed into skinning a series of proﬁle Sections (2D contours). The shape, cut from the loft feature by two section planes
with a sufﬁciently small distance, could be considered generalized
rotationally symmetric. With this observation, we can extract the
loft proﬁles. Speciﬁcally, we need to obtain the optimal section
planes associated with all points on the loft surface. According to
the characteristics of generalized rotational symmetry, the optimal
section plane of each point features that its normal vector minimizes the variance of angles with the normal vectors at a set of relevant points intersected by the section plane with the surface of
the feature. Accordingly, the optimal section plane of each point
can be found iteratively. Tagliasacchi, Zhang, and Cohen-Or

(2009) proposed an effective method to extract curve skeleton
from incomplete point cloud, in which the similar cutting planes
of points are computed. Here, we use this method to extract the
optimal section plane. Let P = {p1, . . . , pi, . . . , pm} be the points on
the loft surface, N = {n1, . . . , ni, . . . , nm} the corresponding normals
of P. For each point pi, we try to ﬁnd an optimal section plane pH
i
such that the normal npH of pH
i is most rotationally symmetric
i
about the normals of the intersection points between pH
i and the
loft surface. It can be solved via an iterative method with the following model (Tagliasacchi et al., 2009):

n
o
ðtÞ
nðtþ1Þ ¼ argminn2R3 v ar hn; npj i : pj 2 IPi ;

tP0

ð7Þ

where IPi(t) is the point set intersected by the section plane at the tth
iteration with the loft surface, and npj is the unit normal vector of pj
in IPi(t). nt+1 is the normal of the plane from t + 1-iteration. Solving
this problem iteratively gives the optimal section plane of each
point. Then, we intersect the section plane pH
i of each point pi with
the surface, and obtain the intersection points IP H
i of pi.
After the intersection points of all points in P are found, the loft
proﬁle sections associated with all those points could be reconstructed with the constraint-based ﬁtting method. As a result,
there are a huge number of proﬁle sections. However, it is not realistic to use all of those proﬁle sections to generate the loft feature.
Since there are many approximately congruent proﬁle sections, we
detect those similar proﬁle sections and remove them using the
dilation operation in mathematical morphology. Fig. 6 gives the
reconstruction result of a faucet model.
6. Surface feature reconstruction
There are a number of industrial parts which are created by
trimming solid geometry with surfaces. Therefore, prior to remodeling those parts, we need to reconstruct the surface features ﬁrst.
The surface features mainly consist of regular surfaces (i.e. plane
and quadratic surfaces) and freeform surface (i.e. B-spline surface).
Over the last ten years, the surface feature reconstruction has been
studied profoundly. For the regular surfaces, Werghi et al. (1998),
Werghi et al. (1999), Fisher (2004) studied the constrained reconstruction of quadratic curves and surfaces from range data and

Fig. 5. Reconstruction of a sweep feature. (a) The point set on the surface of the feature; (b) the rendering effect of the input mesh of the feature; (c) the ﬁtted sweep path; (d)
the reconstructed sweep proﬁle; (e) the reconstructed sweep feature; (f) the reconstruction error graph. The diameter of the bounding sphere of the feature is 82.32 and the
average edge length of the input mesh is 0.713, while the maximum error is 0.369. From the graph, the reconstruction accuracy is sufﬁciently high.
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Fig. 6. Reconstruction of the loft feature in a faucet model. (a) The point set of the feature; (b) the rendering effect of the triangular mesh of the feature; (c) the reconstructed
loft feature; (d) the reconstruction error graph. The diameter of the bounding sphere of the feature is 144.34 and the average edge length of the input mesh is 0.788, while the
maximum error is 0.436. Comparatively, the error is small.

proposed a new technique of global shape optimization on the
basis of feature positions and geometric constraints. The basic idea
is to minimize a function containing a least squares term and a
penalty term associated with constraints, which has a good performance when having accurate initial estimates of the solution. For
the freeform surface, Milroy, Bradley, and Vickers (1995) and
Krishnamurthy and Levoy (1996) ﬁtted B-spline surfaces of
freeform topology, while the user is required to manually specify
the patch boundaries by drawing boundary elements on an
approximating surface. In our system, we exploit an effective technique to estimate the initial parameters of quadratic surfaces and
use the constrained optimization method (Werghi et al., 1999) to
create quadratic surface features. In addition, the error-based
adaptive ﬁtting algorithm is used to reconstruct B-spline surface
feature.

Let S be the ﬁtting surface of a point set P = {p1,p2, . . . , pm}  R3, s
is the closest point of a point p 2 P on S and d is the shortest distance (i.e. d = ks  pk). The principal curvatures of s on S are k1,
k2, and the corresponding curvature radii are q1 ¼ jk11 j and
q2 ¼ jk12 j. According to surface theory, the Frenet frame of s on S consists of the two vectors n1, n2 of the principal curvature directions,
and the normal vector n3. The squared distance from p to S can be
expressed as Wang, Pottmann, and Liu (2006):

d
d
½n1  ðp  sÞ2 þ
½n2  ðp  sÞ2 þ ½n3  ðp
d  q1
d  q2
 sÞ2

ð8Þ

Therefore, the squared distance function of each point pi 2 P to S
is:

di
di
Fðpi Þ ¼
½ni;1  ðpi  si Þ2 þ
½ni;2  ðpi  si Þ2
di  qi;1
di  qi;2
þ ½ni;3  ðpi  si Þ2
X3
¼
ðai;j  ½ni;j  ðpi  si Þ2 Þ
j¼1

3
X

ðai;j  ½ni;j  ðpi  Sþ ðxi ÞÞ2 Þ

ð10Þ

j¼1

By minimizing the sum of the squared distances of all points,
i.e.:

min FðP þ Þ ¼ min

m
X
Ei ðP þ Þ
i¼1

m X
3
X
ðai;j  ½ni;j  ðpi  Sþ ðxi ÞÞ2 Þ
¼ min

ð11Þ

i¼1 j¼1

the updated parameter vector P þ of S+ is obtained, i.e. the surface is
ﬁtted. Using this method, the quadratic surfaces, such as cylinder,
cone and sphere, can be reconstructed.
6.2. Quadratic surface feature

6.1. Quadratic surface ﬁtting using squared distance minimization

FðpÞ ¼

Ei ðP þ Þ ¼

ð9Þ

where ai;1 ¼ d dqi ; ai;2 ¼ d dqi and ai,3 = 1. ni,1, ni,2 and ni,3 are the
i
i
i;1
i;2
principal curvature directions and the normal vector of pi on S,
respectively. si is the closest point of pi on S and di = ksi  pik. qi,1
and qi,2 are the curvature radii of pi on S.
Let P be the parameter vector (namely, the unknown coefﬁcient
vector) of surface S, S+ denotes the ﬁtting surface with the updated
parameter vector P þ ¼ P þ D, where D are incremental updates to
S. The closest point of pi on S+ is sþ
i , which, strictly, is different from
the shortest distance si of pi to S. Since the difference is quite small,
we can approximate sþ
i with si. Suppose that xi is the state vector of
si, Eq. (9) can be transformed to Wang and Yu (2011):

If quadratic surfaces exist independently in a part, we can simply adopt the ﬁtting technique above to construct them individually. However, it is more common that there are more than one
surface in a part and there are some geometric constraints among
those surfaces. In this situation, we exploit the constraint-based
surface ﬁtting method to reconstruct them. At ﬁrst, we still ﬁt them
individually, and recognize the potential constraint relationship of
ﬁtted surfaces based on the geometric properties of constraints.
Once the constraints are determined, we can apply those constraints to surface ﬁtting so that a global optimization system is
generated. Let S = {S1, . . . , Sm} be the set of individual surfaces (m
is the number of surfaces). Suppose X is the parameter vector of
all surfaces in S, and Ck(X) is the kth constraint function, then the
constraint-based ﬁtting problem could be expressed as:

8
!
Ni
m
m
>
X
X
X
>
2
< minFðXÞ ¼ min f ðXÞ ¼ min
x
d
ðp
;
S
Þ
i
i
i;j i
i¼1
i¼1
j¼1
>
>
:
s:t: C k ðXÞ ¼ 0 ðk ¼ 1; . . . ; tÞ

ð12Þ

where pi,j is the jth point in the associated point set on the ith surface Si, d(pi,j,Si) is the distance from pi,j to Si, and Ni is the number of
associated points of Si. xi is the ﬁtting weight of a surface Si (typically set to m1 ). t is the number of constraints. Here, d(pi,j,Si) is represented by the algebraic distance, which is deﬁned as: for a surface
given by the equation xTAx = 0, the algebraic distance from a point
0
x0 to the surface is simply x TAx0 . Thus we have:

(

minFðXÞ ¼ minðXT HX þ hX þ KÞ
s:t: C k ðXÞ ¼ 0 ðk ¼ 1; . . . ; tÞ

ð13Þ

where H, h and K are the coefﬁcient matrix of surfaces in terms of its
associated points. Using the penalty function method, this constrained optimization problem can be converted into the following
non-linear optimization model by Leverberg-Marquarat algorithm
(Werghi et al., 1999):
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Fig. 7. Constrained ﬁtting of multiple quadratic surfaces. (a) The point cloud of multiple quadratic surfaces; (b) the triangular mesh; (c) the segmentation result; (d) the
individual ﬁtting surfaces; (e) the constrained ﬁtting result.

t
X
minEðX; kÞ ¼ min FðXÞ þ k ½C k ðXÞ2

!

k¼1
t
X
¼ min X HX þ hX þ K þ k ½C k ðXÞ2
T

!
ð14Þ

k¼1

where k is the penalty term and set to be positive. Then this non-linear optimization problem can be further transformed to a linear
equation system (Werghi et al., 1999):
2

@ E
2

@ X

 DX ¼ 

@E
@X

ð15Þ

Here, the initial values of X are from the individual ﬁtting results as
discussed in the Section 6.1. After solving the equation system, the
surfaces are obtained with constraints satisﬁed. Fig. 7 presents the
constrained ﬁtting result of multiple quadratic surfaces in a
mechanical part. From the ﬁgure, the ﬁtting result is satisfactory.
6.3. Freeform surface feature
For freeform surfaces, we use the error-based adaptive ﬁtting
method to reconstruct them. Given the initial number of control
points, the least-squares method is adopted to ﬁt the input points
with a B-spline surface and the ﬁtting error is calculated. In our
implementation, the initial number is typically set t 16. If the error
is less than a pre-deﬁned threshold, the ﬁnal surface is obtained;
otherwise, using the current control points as initial values, we

take advantage of the iterative method to optimize the control
points or adjust the number of control points. The procedure repeats until convergence, i.e. the current ﬁtting error is less than
the threshold. Let n be the ﬁtting error threshold, r the error convergency threshold, N the maximal iterations, and i is the number
of iterations, initialized as 0, then we have the following detailed
steps to ﬁt the input points P with a B-spline surface:
1. Calculate the knot vectors: U, V based on the number of control
points: (nu + 1)  (nv + 1) and the surface orders: k, l.
2. Fit the input points with a B-spline surface S using the least
squares method and hence obtain the control points D = {di,jj0
6 i 6 nu,0 6 j 6 nv}.
3. If i < N, calculate the distance distp from each p 2 P to
 S, the
H
of the
maximal distance mDisti, the parametric pair uH
p ; vp
projection point of p on S; otherwise, go to step (5).
4. If mDisti 6 n, then exit the procedure; otherwise, if mDisti1  mDisti > r, optimize
the

 control points using the projection
H
parametric pair uH
of each point p as the new parameter
p ; vp
pairs of p. Suppose that Ddi,j is the update of di,j, the surface can
be optimized by solving the following mathematical model:



nu nv 
   

X

XX
H
H
min 
di;j þ Ddi;j N i;k up Nj;l v p  p 


p2P i¼0 j¼0

ð16Þ

where Ni,k(u) and Nj,l(v) are the B-spline basis functions, determined
by the Cox-de Boor recursion formula (Piegl and Tiller, 1997) in
terms of U and V. Solving the optimization model, Ddi,j is calculated

Fig. 8. B-spline surface ﬁtting of a freeform surface. (a) The triangular mesh of a freeform surface; (b) the ﬁtting result; (c) the ﬁtting error distribution graph, where the
average edge length is 0.0195, while the max error is 0.00092. From the graph, the ﬁtting error is relatively small.
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Fig. 9. Model reconstruction of a blade. (a) The noisy triangular mesh of the blade; (b) the denoised mesh; (c) the segmentation result; (d) a series of proﬁles of a loft feature
and a proﬁle of an extrude feature; (e) the corresponding loft feature and extrude feature to (d); (f) the ﬁnal reconstructed blade model; (g) the reconstruction error
distribution graph, where the bounding box of the model is roughly 310  95  635 and the average edge length is 2.915, while the maximal error is 1.278, suggesting that
the reconstruction is relatively accurate.

Fig. 10. Model reconstruction of a aircraft part. (a) The point cloud of the part; (b) the segmentation result; (c) the outer block, an extrude feature reconstructed from the
outer surface; (d) multiple ﬁtted planes from the corresponding points; (e) the intermediate result by trimming the outer block with the planes; (f) the ﬁnal reconstructed
model, generated by performing boolean and surface trimming operations among the primitive features and intermediate results.
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Fig. 11. Model reconstruction of a mechanical part. (a) The point cloud of the part; (b) the segmentation result; (c) the reconstructed model.

0

and every new control point is updated as di;j ¼ di;j þ Ddi;j . Accordingly, the new surface is obtained. Meanwhile, the number of iterations increases by 1, i.e. i = i + 1. Then, go to step (3);
5. Increase the number of control points and set i = 0, then go to
step (2).
By running the steps above, the freeform surface is reconstructed within a given ﬁtting error. Fig. 8 gives the ﬁtting result
of a freeform surface.
7. Construction of modeling operation history
History based modeling has many advantages in CAD technology. For example, the ‘‘shell’’ is an obvious modeling feature that
beneﬁts from a parent/child relationship. When a change is made
to the parent, the child feature (shell) will conform to the modiﬁed
parent during the model regeneration. Similarly, the modeling
operation history is also signiﬁcantly beneﬁcial to model redesign,

and model modiﬁcation for the innovation applications in reverse
engineering. Therefore, it is vital to construct the history of model
building during reconstruction. In our framework, the bottom-up
strategy is exploited to reconstruct geometric model, in which
2D proﬁles are constructed ﬁrstly according to parameters of primitive features, then the corresponding primitive features are created by modeling operations, and the ﬁnal model is properly
‘‘assembled’’ from the created primitive features. Accordingly, the
history tree is created by storing the whole modeling elements
and operations. In the special tree, the nodes represent the basic
elements, intermediate shapes, or ﬁnal model. Speciﬁcally, the leaf
nodes could be 2D proﬁles or the surface features, and the root
node is the ﬁnal model. The edges between nodes represent the
operations between elements. Once the model is reconstructed
completely, the history tree is also recorded thoroughly. Once
one node is modiﬁed, it will notify its parent to update. This notiﬁcation process is recursive and terminates when the root node
gets notiﬁed and updated.

Fig. 12. A few more reconstruction results of industrial parts.
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8. Results and discussions
All algorithms described have been implemented with Visual
C++ and OpenGL, and run on a PC with 1.8 GHz CPU and 2 GB
RAM. A user-friendly GUI has been created encapsulating the
implemented algorithms and will be made publicly available to
the research community. We have tested our method on a number
of industrial models with triangular meshes, and presented a couple of results in this section.
Fig. 9 presents the reconstruction result of a blade part, which
consists of 1 loft feature, 2 sweep features, 3 extrude features.
There are 175,640 vertices and 351,276 faces in the mesh. To calculate the reconstruction error, the triangulation of the model is
implemented. Then we measure as the error the distance from
the reconstructed model to the input model. From the error graph,
we notice that the reconstruction is relatively accurate. Since there
are some human interactions during model reconstruction, we
only count the segmentation and feature reconstruction running
time here. The total reconstruction time from the input mesh to
the ﬁnal model takes 239.584 s, where the segmentation takes
41.832 s, and the reconstruction of all features takes 197.752 s.
Fig. 10 shows the reconstruction result of the mechanical part of
aircraft. There are 1 revolve feature, 4 quadratics surface features, 6
extrude features, 10 plane features in this part. From the ﬁgure, the
result is favorable. Fig. 11 gives the reconstruction result of a
mechanical part. A number of industrial parts have been tested
with our method and a few are listed in Fig. 12.

9. Conclusions
A framework is designed to create 3D models from the boundary surface meshes of industrial parts. An efﬁcient mesh denoising
method is proposed to ﬁlter out model noise and is capable of preserving features of the original model. A divide-and-conquer strategy is exploited to construct all primitive features of parts.
Speciﬁcally, mesh segmentation is ﬁrst performed to partition
the whole part into primitive feature surfaces. The feature parameter extraction method is adopted to identify and create each type
of primitive features. According to the geometric and topological
relationship among features, the modeling operations are performed to obtain the ﬁnal model. During the whole reconstruction
process, the constraints and features are considered such that the
design intents are fully captured and represented in the ﬁnal model. Meanwhile, the history of reconstruction is stored to facilitate
potential applications for model redesign and modiﬁcation. With
the comprehensive framework, almost all kinds of industrial products could be handled. Although blended features frequently seen
in some parts are not discussed speciﬁcally here, they can be treated as sweep features (constant radius blend), or loft features (variable radius blend) within our framework.
With the development of 3D scanning technology, our reverse
engineering framework has broad industrial applications in automobile, aeronautics, medical areas. In the automobile industry,
our method can be used to produce favorable surface models from
clays or woods for automobile components. In the medical ﬁeld, 3D
imaging data of biological organs (e.g. heart, brain) can be scanned
with medical CT and MRI devices. Quite often these data can be
segmented manually or automatically on 2D slices. Our reconstruction algorithm may be adopted to generate 3D geometric
models from such contours, which are particularly helpful to physicians or biologists for making medical decisions. Additionally, in
the aeronautics industry, there are cases where the original CAD
models may not exist, or no longer correspond to the physical parts
that were manufactured because of subsequent undocumented
modiﬁcations that were made after the initial design stage. Our
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technique can be utilized to reconstruct CAD models from those
physically existing parts. More importantly, the models obtained
from our framework are feature-based, providing a higher level
description of part geometry and allowing easy redesign and reuse
for innovation.
Missing data occur as a result of acquisition via laser scanning,
due to self-occlusion or unideal conditions of surface materials.
How to improve the effectiveness of the reconstruction methods
on incomplete data is worthy of studying in the future work.
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