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ABSTRACT This paper presents an effective multi-sensor approach for improving the accuracy of laser
scanner by using a tactile probe to perform rapid and accurate reverse engineering of complex objects. The
proposed system is unique in that it includes not only the physical integration of the two digitizers but
also their combination at the measurement information level. With the coordinate data acquired using the
optical scanner, intelligent data segmentation and feature recognition algorithm are proposed to divide the
original point set into geometric elements and free-form surfaces. The tactile probe is guided to re-measure
each feature with a small number of sampling points. Then different data fusion algorithms are proposed
to compensate the scanned data patches of geometric features and free-form features with the accurate
tactile probing data. Finally, the compensated point data can be exploited for accurate reverse engineering of
a CAD model. Through the fusion of different sensor’s information, both sensors complement each other
with their advantages. Experimental results show that for themeasurement of geometric surface, the proposed
method can improve the accuracy of optical measurement to the accuracy of contact measurement. For free-
form surface measurement, the proposed method reduces the optical measurement error from+0.032/-0.019
mm to ±0.016 mm, and the standard deviation from 0.012 mm to 0.004 mm. The measurement efficiency
of proposed method is 4.5 times higher than that of contact measurement alone.

INDEX TERMS Multi-sensor, reverse engineering, tactile probe, optical scanner, data fusion.

I. INTRODUCTION
Reverse engineering is the process of creating a CAD model
from an existing physical part [1]. It has emerged as a crucial
methodology to perform rapid product innovative design,
especially for complex geometrical shapes [2]. The typical
process of reverse engineering begins with 3D data collection
through contact or non-contact digitizers. Today, there are
various sensors available for 3D data acquisition; however,
it has been shown that each technique has its own charac-
teristics and limitations, which lend them to particular appli-
cations [3]. Tactile probes are able to provide accurate and
reliable measurement, but it is not suitable for the digiti-
zation of complex free-form surfaces owing to its inherent
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slow speed. On the other hand, several non-contact sen-
sors have been developed recently, such as laser beam
scanner [4]–[6], structured-light sensors [7]–[9] and stereo
vision sensors [10], [11]. These sensors are much more effi-
cient in terms of speed and reduce the human labor required.
But the level of measurement accuracy of non-contact digi-
tizers is generally lower than that of contact digitizers.

With the development ofmodern industry, the single sensor
cannot meet the increasing demands on accuracy, efficiency,
and complexity of dimensional metrology any more. There-
fore, a great deal of multi-sensor measurement systems com-
bining different sensors are developed and implemented to
achieve both holistic geometrical measurement and improved
reliability of measured data.

The existing multi-sensor system in metrology can be
generally divided into the complementary, competitive and
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cooperative system according to sensor configuration [12].
The most common integration pattern is the cooperation of
multi-sensors. Chan et al. [13] developed a hybrid inspec-
tion system by combining coordinate measuring machine
(CMM) and stereo-vision system. The spatial location of
part on CMM bed is determined by stereo-vision system,
and the position information is then used to guide the CMM
to achieve the automatic inspection of the measured part.
Carbone et al. [14] designed a hybrid contact-optical inspec-
tion system in which the digitization of the overall object
surface is performed using vision system; intelligent feature
recognition algorithms are applied to extract the global sur-
face information of the object. The obtained information can
be subsequently used to automatically guide the touch trigger
probe for precision sampling of critical surface area. A hybrid
contact–optical coordinate measuring system is designed by
Sładek et al. [15], [16], in which the measurement process
starts from fast optical data acquisition by a structured light
system, and then, numerical analysis is performed to calculate
a set of surface points that should be finally re-measured
by the CMM. Lu and Wang [17], [18] proposed a multi-
sensor approach characterized by the integrated use of a
contact scanning probe and a point laser probe. The point
laser probe is used to acquire information of the next mea-
suring path of contact scanning probe as it is performing
digitization task. With the prior path information from point
laser probe, the next scanning path for contact scanning probe
is determined real-timely with measurement path planning
algorithms. The planned path is subsequently used to guide
the contact scanning probe for fast and precise digitization of
complex surfaces.

In the above cooperative multi-sensor systems, vision sen-
sor is used only to acquire the part global information such
as features positions, and then the probe is guided to make
actual measurements to features. Repeated measurements of
the whole surface make the system inefficient.

Bradley and Chan [19] presented a complementary sen-
sor metrology approach in which a laser scanner is used
to digitize all the free-form surface patches and a touch
trigger probe is used to digitize surface patch boundaries.
A multi-probe system integrated with a CMM, a structured
light sensor, a trigger probe, and a rotary table is introduced
by Zexiao et al. [20]. The structured light sensor is applied
to scan the profile of a part in different views, while the
trigger probe is used to measure the edge and key features.
Zhao et al. [21] proposed an inspection planning strategy that
can create inspection plans automatically for the combination
of laser scanner and tactile probe in CMM. A knowledge-
based method is developed to select the suited sensor for each
inspection feature, and the measurement strategies can be
automatically planned by the developed inspection planning
modules. Mu et al. [22] proposed a laser scanner-tactile probe
based multi-sensor on machine inspection approach for free-
form surface. Point cloud of free-form surface is obtained
by laser scanner and machining error is computed at every
point. Area out of tolerance can be determined through error

contour map method. Finally, extended morphology skeleton
algorithm is applied to generate a resample path, along which
the tactile probe carries out higher accuracy inspection on
the resample zone. Mohib et al. [23] introduce a feature-
based hybrid inspection planning method, in which feature
sequence and sensor selection are addressed. Liu et al. [24]
proposed a data fusion method for the multi-sensor inte-
grated measuring system, in which the surface data which
cannot meet the accuracy requirement of optical scanning are
replaced by high precision measurement data from CMM.

The above complementary multi-sensor systems digitize
all the surface patches with vision sensor firstly, and the
tactile probe is then used to digitize surface patch boundaries
and key features. Data from different sensors are simply
unified in the same coordinate system as the final digitiza-
tion result. The measurement accuracy of the system is still
limited because the low accuracy data from the non-contact
measurement account for the overwhelming majority of the
measurement results.

Only limited research on the competitive integra-
tion of hybrid contact-optical sensors has been found.
Huang and Qian [25], [26] developed a dynamic sensing
and modeling approach for hybrid dimensional metrology to
improve the measurement speed and quality. A part is first
scanned by the laser scanner to capture the global surface
data. And the part is then probed by a tactile sensor where
the probing points are dynamically determined to reduce the
measurement uncertainty according to the scanned data. The
surface model is incrementally updated by using Kalman
filter to fuse the contact probed data. Li et al. [27] presented
a multi-sensor digitization approach by using a tactile probe
to compensate the data from a laser line scanner for rapid
and accurate RE of geometric features. In this method,
the laser line scanner is applied to digitize the global surface
of the part, intelligent feature recognition and segmentation
algorithms are exploited to extract the geometric elements
of the object from the data obtained by the laser scanner.
Then, the key feature is re-measured by touch trigger probe
with a small number of sampling points. The obtained high
precision data can be subsequently used to compensate the
point data patches obtained by a laser scanning system. The
method has been proven to work for geometric elements,
but the solution for free-form surface digitization is not
discussed. Ren et al. [28] developed a weighted least square
based multi-sensor data fusion method for free-form surface
measurement. The proposed method is capable of fusing
multi-sensor measured datasets with notable reduction of the
measurement uncertainty. However, the method still needs a
large number of contact measurement points, which makes
the measurement efficiency still limited. Colosimo et al. [29]
achievemulti-sensor data fusion for dimensional and geomet-
ric verification with Gaussian process models. The proposed
method involves the use of Gaussian processes as model-
ing tool to correct high-density, low-quality data with low-
density, high-quality data. The experimental results show that
the proposed method improves the quality of the original
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TABLE 1. The system components.

single-sensor datasets. Rak et al. [30] developed a method
to fusion the high-density low-accuracy data and low-density
high-accuracy data by finding and aligning the corresponding
points pairs of the two data sets. The experimental results
show that the method improves the measurement accuracy to
a certain extent, but the measurement accuracy is still limited.

It can be seen that, from the existing multi-sensor integra-
tion principle, most of the research work is focused on the
cooperation or complementary of multi sensors. The integra-
tion of different digitization sensors is limited at the physical
level and flexibility level. The intelligent aggregation of the
information from different sensors is rarely investigated. The
issue of how to give full play to complementary advantages
of different sensors and improve the accuracy of fused data
through information aggregation is still a challenge, espe-
cially for the digitization of free-form surface.

This paper presents an effective approach to perform rapid
and accurate reverse engineering of complex objects with
the integration of a laser scanner and a tactile probe. The
proposed system is unique in that it not only includes the
physical integration of the two sensors but also includes their
combination at themeasurement information level. The aim is
to realize the rapid and high precision digitization of complex
geometry, by the advantages deriving from the integration of
both the optical and the mechanical sensors.

The contribution of this paper can be summarized as
follows:

1) A competitive multi-sensor approach for rapid and pre-
cise reverse engineering of complex geometry is pro-
posed in this paper. The proposed multi-sensor system
is unique in that it includes not only the physical inte-
gration of different sensors but also their combination
at the measurement information level.

2) A simple and effective point cloud segmentation
method is proposed to divide the point cloud into sev-
eral smooth data patches for surface fitting and data
fusion purposes.

3) A multi-sensor data fusion algorithm for geometric
surface inspection is proposed, which can improve the
optical measurement accuracy to the contact measure-
ment accuracy.

4) A novel shape-preserving curve deformation algorithm
is proposed for multi-sensor measurement data fusion
of free-form surface. This data fusion method can
improve the accuracy of optical measurement with only
a small number of contact measuring points, thereby,
realize rapid and precise inspection of free-form
surface.

The remainder of this paper is organized as follows: The
configuration and working principle of the integrated system
is introduced in Section II. Section III gives a brief intro-
duction to the coordinate system unification of the multi-
sensor measurement system. Section IV provides a simple
and effective point cloud segmentationmethod. The proposed
data compensation methods for different types of surface
features are presented in Section V. Experimental results are
demonstrated in Section VI. SectionVII draws the conclusion
and perspective of this work.

II. DESCRIPTION OF THE PROPOSED METHOD
The integrated system is designed and manufactured with the
following components listed in Table. 1.

Fig. 1 shows a photograph of the prototype measuring
device. The five-axis CNC machine tool provides an accu-
rate and repeatable platform from which different digitiz-
ers can be gathered. A composite probe is designed, which
integrates contact probe and line structured light vision
sensor. The contact probe and line structured light vision
sensor are fixed on two sides of the substrate through
brackets, respectively. Three standard balls are fixed on
the worktable of the CNC machine tool for the unifica-
tion of the coordinate system of the two sensors. When
working, the composite probe is mounted on the machine
tool spindle and driven by the moving mechanism of the
machine tool to digitize the surface of the object. The rotary
table of the machine tool helps realize the scanning in any
direction.

Fig. 2 shows the measurement model of line structured
light vision system. Ow − XwYwZw is the world coordinate
system,Oc−XcYcZc is the camera coordinate system,Ou−uv
is the image coordinate system, Oi is the principal point,
and Oc is the optical center. The light plane projected by the
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FIGURE 1. Photograph of the prototype measuring device.

FIGURE 2. Mathematical model of line structured light vision
measurement.

laser projector intersects with the surface of the object to be
measured to form a characteristic light strip. P is a point on
the characteristic light strip, its image on the image plane is p.
The spatial position of the point P can be expressed by a ray
and a light plane. The coordinates of image point p on the
image plane can be obtained by image processing. According
to the camera model, the image coordinates of p uniquely
correspond to a ray passing through the optical center of
the camera, that is, the equation of the ray in the camera
coordinate system can be obtained. If the equation of the
light plane in the camera coordinate system can be obtained,
the coordinates of the pointP in the camera coordinate system
can be uniquely determined by the ray equation and the light
plane equation.

Let the world coordinates of point P be (Xw,Yw,Zw),
the camera coordinates of point P be (Xc,Yc,Zc), and the
image coordinates of point p be (u, v). Then the cam-
era model of line structured light vision system can be

expressed as

ρ

 uv
1

 = A
[
Rwc T

w
c
]

Xw
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Zw
1



=

 fx 0 u0
0 fy v0
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1

 , ρ 6= 0

(1)

where, A is the camera’s intrinsic parameter matrix, fx and
fy are the effective focal lengths in X and Y directions,
respectively. (u0, v0) is the coordinates of the principal point.
Rwc and Twc represent rotation and translation transformations
from the coordinate system Ow − XwYwZw to the coordinate
system Oc − XcYcZc, respectively.

The light plane in Ow − XwYwZw can be expressed as

awXw + bwYw + cwZw + dw = 0 (2)

Equation (1) and (2) represent the mathematical model of
the line structured light vision measurement system. In the
world coordinate system Ow − XwYwZw, the ray equation
is determined by (1), the light plane equation is determined
by (2). Therefore, the three-dimensional world coordinates of
point P can be uniquely determined by the intersection ofOcp
and light plane.

Fig. 3 illustrates the flowchart of the presented inspection
process. With the coordinate data acquired using the laser
scanner, a data segmentation and recognition algorithm is
proposed to group the data points into two types of data
sets: geometric elements and free-form surfaces. These key
features of elements are re-measured by tactile probe with a
small number of sampling points. Then different data fusion
algorithms are proposed to compensate the point data patches
which are measured by a laser scanning system. For geomet-
ric elements, the least squares method is applied to the contact
measurement data points to best fit these geometric elements
to derive the parameters. Then each point measured by the
laser scanner is compensated according to the derived geo-
metric parameters. For free-form surfaces, slicing operation
is firstly conducted on the data patch to extract the section
contour curves of the surface patch. Then a shape-preserving
curve modification algorithm is proposed to improve the
accuracy of the section contour curves obtained by opti-
cal measurement. Finally, the compensated data patches are
recombined and exploited for accurate reverse engineering of
a CAD model. The proposed method uses geometric infor-
mation obtained from optical measurement to guide contact
measurement, and then uses a small amount of high-precision
contact measurement data to improve the accuracy of dense
optical measurement data. Through the fusion of measure-
ment information from different sensors, the rapidity of opti-
cal measurement and high-precision of contact measurement
can be brought into full play, thus realizing high-speed and
high-precision measurement of complex geometry.
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FIGURE 3. Overview of the proposed method.

III. COORDINATE SYSTEM UNIFICATION
Before the unification process, the optical scanner and the
contact probe work in their own separate coordinate systems.
For multi-sensor data fusion, these two coordinate systems
have to be unified. This operation has to be done before any
measurement task and carried out only once before a series of
measurements. Here, an existing commonly used strategy is
adopted for multi-sensor coordinate system unification [31].

As shown in Fig. 1, a calibration board with three standard
balls attached to it is fixed on the machine tool worktable.
The three standard balls are digitized by the optical scanner
and the contact probe separately. The coordinate of each
spherical center is calculated, and then the coordinate system
alignment of multi-sensor system is realized by aligning the
three spherical centers in different coordinate systems [31].
The result of this process is a transformation matrix, which
modifies (rotates and translates) the point’s coordinates from
the optical scanner’s relative coordinate system to the abso-
lute system of the contact probe:

Wc = R ·Ws + T (3)

whereWc is the data obtained by the contact probe,Ws is the
data obtained by the optical scanner, R is the rotation matrix,
and T is the translation vector.

IV. POINT CLOUD DATA SEGMENTATION AND FEATURE
RECOGNITION
After a part is scanned, the segmentation process should be
conducted on the acquired point cloud data to divide point
cloud data into several smooth data patches, each of which
logically belongs to a single primitive surface. In this paper,
a simple and effective point cloud segmentation and feature
recognition method is proposed.

A. EDGE POINTS IDENTIFICATION
Principal component analysis (PCA) of the covariance matrix
of a local neighborhood is widely used to estimate local sur-
face properties, such as normal and curvature [32]. Assuming
that the point cloud P = {pi}Ni=1 is sampled from piecewise
smooth surfaces, pi is a point on this surface, and let Ni be the
neighborhood of pi. For each point pi, a neighborhood Ni of
size K0 is computed. The corresponding covariance matrix C
is defined as:

C =

 p1 − p̄· · ·

pK0 − p̄

T ·
 p1 − p̄· · ·

pK0 − p̄

 , pi=1,K0 ∈ Ni (4)

where, p̄ is the centroid of the set of neighbors in Ni.
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FIGURE 4. The result of edge point identification using PCA and our algorithm at different noise scales. The top row is the result of
PCA method and bottom row is the result of our method.

The eigenvalues {λ0, λ1, λ2} of the covariance matrix can
be estimated by analyzing the following eigenvector problem:

C · v̄j = λj · v̄j, j ∈ {0, 1, 2} (5)

where {v0, v1, v2} are corresponding eigenvectors.
Assume that λ0 < λ1 < λ2, then the surface variation σi

of the underlying surface at the point pi and an initial normal
ni can be estimated. The surface variation σi is defined as:

σi =
λ0

λ0 + λ1 + λ2
(6)

The normal ni is defined as the eigenvector v0 correspond-
ing to the smallest eigenvalue λ0.

In [33]–[35], σi is considered as curvature and used to
distinguish edge points, who have a more complicated neigh-
borhood, from non-edge points. The coefficient of a point
near sharp features is considered to be larger than that of
a point in smooth regions. Therefore, each point pi with
σi greater than a threshold στ is viewed as an edge point.
However, it has been shown that PCA is sensitive to noise

and outliers due to using the classic covariance matrix. As a
result, attributes calculated through PCA are highly sensitive
to noise and outliers [36]. To improve the accuracy and
robustness of edge point recognition, a statistics-based edge
point recognition strategy is proposed in this paper. For each
point pi, the initial normal is computed using PCAmentioned
above, and then the standard deviation of the point normal
values within the point’s K1 neighborhood is computed. The
standard deviation of point normal is calculated by:

σni =

∣∣∣∣∣∣∣∣∣∣∣

√√√√√√
K1∑
j=0

nj−n̄i

K1

∣∣∣∣∣∣∣∣∣∣∣
=

√√√√√√
K1∑
j=0

(njx − n̄ix)2 +
K1∑
j=0

(njy − n̄iy)2 +
K1∑
j=0

(njz − n̄iz)2

K1

(7)

where n̄j is the unit normal vector of each point in pi’s
neighborhood. n̄i is the average normal vector calculated from

the normalized point normals within pi’s neighborhood by:

n̄i =
K1∑
j=0

nj/K1 (8)

The standard deviation of points’ normals in a neigh-
borhood indicates the level of changes in the shape of the
underlying surface at the point pi. Each point pi with normal
standard deviation larger than the user-defined threshold σnτ
is viewed as an edge point. In this way, the edge points are
identified by statistical analysis of all points’ normals in the
neighborhood, which is more robust than judging only by the
curvature of a single point.

Fig. 4 shows the result of edge point identification using
PCA and our algorithm at different noise levels. It can be
seen that when the noise level is up to 70%, the PCA-based
method fails to accurately identify edge points. Large tracts of
points in smooth regions are mistakenly identified to be edge
points. On the contrary, our statistics-based method shows
good robustness to noise, it can accurately identify feature
points under different noise levels.

B. ROUGH SEGMENTATION
Through the edge point identification algorithm mention
in Section III.A, each point pi is identified as edge point or
non-edge point according to the standard deviation of the
normal vectors of pi’s neighbors (Fig. 5b). For convenience,
the set of edge points is donated as Pe and the set of non-edge
points is donated as Pn. In the rough segmentation stage, all
the edge points are removed from the original point cloud P
and the remaining non-edge points Pn are naturally divided
into several separated point sets in space domain, as shown
in Fig. 5c. Then Euclidean distance clustering [37] is used
to segment the non-edge points set into several smooth data
patches, each of which logically belongs to a single primitive
surface, as shown in Fig. 5d.

C. REFINING SEGMENTATION
Through rough segmentation, the non-edge points set is
divided into several meaningful data patches, but the edge
points have not yet been assigned to any data patches.
To ensuring the integrity of the reconstructed surface, we pro-
pose a patch expand procedure to assign each edge point
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FIGURE 5. Diagram of rough segmentation. (a) Original point cloud data.
(b) Result of feature point detection. (c) Point cloud data after removing
feature points. (d) Result of rough segmentation.

FIGURE 6. The pipeline of patch expansion. (a) Neighborhood of edge
point pi , (b) The neighborhood is divided into several sub-neighborhoods
according to which data patches do the non-edge points belong to,
(c) Each sub-neighborhood is fitted into a plane and the corresponding
deviation from pi to the fitting plane is computed, (d) pi is judged belong
to PC2 according to the deviation to the fitting plane.

to the corresponding point data patch to achieve complete
segmentation. For each removed edge point pi we first add
it to the remaining non-edge point set Pn. Then a neighbor-
hood Ni of size K is computed (Fig. 6a) and the neighbor-
hood is divided into several sub-neighborhoods according
to which data patches do the non-edge points included in
neighborhood Ni belong to, the divided sub-neighborhoods
are denoted as

{
PCi
}
(Fig. 6b). For each point set PCi , a least

squares fitting plane is computed by analyzing its covariance
matrix, and the deviation dCi from current edge point to the
fitting plane is also computed (Fig. 6c). Finally, the data
patch corresponding to the minimum deviation is considered
to be the one to which the current edge point belongs and
the current edge point is added to the data patch (Fig. 6d).
The results of the data patches before and after expansion are

FIGURE 7. Comparison of results before and after patch expansion.
(a) Before patch expansion display. (b) After patch expansion display. The
patches are marked by different colors.

displayed in Fig. 7. The resulting data patches exhibit signif-
icant expansion in space and the point cloud is completely
segmented, as shown in Fig. 7b.

The segmentation algorithm presented in this paper can
deal with all types of feature surfaces with sharp edges.
Our algorithm can not segment the data patches containing
surfaces with a smooth transition, because no edge points will
be detected. But this does not affect the ultimate effect of
our approach, because our feature recognition algorithm will
recognize such data patches as free-form surfaces. Therefore,
such data patches are treated as free-form surfaces in this
paper.

D. FEATURE RECOGNITION
After data segmentation, the point cloud data are divided
into several smooth data patches, each of which logically
belongs to a single primitive surface. Feature recognition
of point cloud patches is necessary for multi-sensor data
fusion in this paper. Wang et al. [38] propose a random
sample consensus (RANSAC) algorithm for point cloud data
feature recognition. RANSAC method is a statistical-based
approach, which can accurately identify the features of point
cloud data patches and derive the expression of features
even if the data patches contain a large number of outliers.
Therefore, Wang’s RANSAC algorithm is adopted for feature
recognition in this paper.

V. MULTI-SENSOR DATA FUSION
After data segmentation and feature recognition, the point
cloud data are grouped into two types of data sets: geometric
features and free-form surfaces. To improve the overall mea-
surement accuracy of integrated system, different data fusion
algorithms are proposed to compensate for these two types of
data patches.

A. DATA FUSION FOR GEOMETRIC FEATURES
1) PROPOSED METHOD
The geometric features studied in this paper are planes,
spheres, cylinders, and cones. Due to their simple mathemat-
ical description, a small number of discrete high accuracy
point data measured by the tactile probe can be used to fit
these geometric elements to precisely derive the parameters.
The densely scanned data patches can then be compensated
according to the derived parametric expressions.
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The specific steps are as follows:
1) Laser scanning is carried out on the entire surface of the

part, and then a segmentation and feature recognition
algorithm is exploited to group the point cloud into data
patches, each of which logically belongs to a single
primitive surface.

2) The tactile probe is used to re-measure each geomet-
ric feature with a small number of points. Then the
obtained high precision points are used to fit these
geometric elements to derive the parameters through
least squares method.

3) For a data patch that belongs to a plane, substituting the
x and y coordinates of each point into the derived para-
metric equations, and then new z coordinatewith higher
precision can be obtained. For data patch belonging to
cylinder or cone, each point is moved along the radius
direction of the fitting surface’s cross-section circle so
that the distance from the point to the circle center
equals its radius. For data patches belonging to spheres,
each point is moved along the radius direction of the
fitting sphere so that the distance from the point to the
sphere center equals the sphere radius.

4) Each point measured by the laser scanner is updated by
the algorithm described in step 3, and then a new com-
pensated data set is built. In theory, the compensated
data sets have the same accuracy as the data measured
from the tactile probe. Therefore, the quality of the
point data measured from the optical sensor will be
greatly improved.

2) ALGORITHM DESCRIPTION
The detailed algorithms for data fusion of different geometric
features are presented as follows:
• DATA FUSION FOR PLANE
A space plane can be specified by a point (xo, yo, zo) on
the plane and the direction cosines (a, b, c) of the normal
to the plane. Any point (xi, yi, zi) on the plane satisfies:

a (xi − xo)+ b (yi − yo)+ c (zi − zo) = 0 (9)

Here, we define d = −(axo + byo + czo). According
to the proposed method, the new z coordinate can be
derived by:

zNi = (−axi − byi − d) /c (10)

• DATA FUSION FOR SPHERE
A sphere is specified by its center (xo, yo, zo) and
radius r . Any point (xi, yi, zi) on the sphere satisfies the
equation:

(xi − xo)2 + (yi − yo)2 + (zi − zo)2 = r2 (11)

For sphere compensation, we first translate a copy of the
data so that the center of the sphere is at the coordinate
origin:

(xi, yi, zi) = (xi, yi, zi)− (xo, yo, zo) (12)

Then, the value of the new coordinate of (xi, yi, zi) can
be derived by:

(xNi, yNi, zNi) = (xi, yi, zi)+ (r −
√
x2i + y

2
i + z

2
i )

∗
(xi, yi, zi)√
x2i + y

2
i + z

2
i

(13)

Finally, the updated data is translated back by an amount
equal and opposite to the vector in (9), above.

• DATA FUSION FOR CYLINDER
A cylinder can be specified by a point (xo, yo, zo) on its
axis; a vector (a, b, c) pointing along the axis and its
radius r .
For cylinder and cone compensation, we first conduct
translation and transform on the data so that the point
(xo, yo, zo) on the axis lies at the coordinate origin and
the vector (a, b, c) coincides with z-axis. Again, we will
translate and rotate the data back after compensation.
Then for any point (xi, yi, zi), the value of the new x,
y coordinate can be obtained by:

(xNi, yNi) = (xi, yi)+ (r −
√
x2i + y

2
i ) ∗

(xi, yi)√
x2i + y

2
i

(14)

Finally, the updated coordinate data is (xNi, yNi, zi).
• DATA FUSION FOR CONE
A cone can be specified by a point (xo, yo, zo) on its axis;
a vector (a, b, c) pointing along the axis; the apex semi-
angle φ and the radius r at the point (xo, yo, zo).
After data set translation and rotation, the value of the
new x, y coordinate can be calculated by:

(xNi, yNi) = (xi, yi)+ ((r− k ∗ (zi − z0))−
√
x2i + y

2
i )

∗
(xi, yi)√
x2i + y

2
i

(15)

where k = tan (φ). Finally, the updated coordinate data
is (xNi, yNi, zi).

B. DATA FUSION FOR FREE-FORM SURFACE
Curve modification has been commonly used for computer
aided design of free-form curves and surfaces, in which the
process of modification goes on until the shape of the curves
and surfaces satisfies the requirements. In this paper, a novel
curve modification algorithm based on energy method is
proposed for free-form surface measurement data fusion.

The initial curves obtained by optical measurement can
reflect the shape of the object surface well. However, there
is a slight difference between the measured curves and the
actual surface curves due to the low accuracy of optical mea-
surement system. The data points measured by tactile probe
are highly precise and these points can be used as constraints
to modify the initial section curves obtained by optical mea-
surement to satisfy new position requirements. Through curve
modification, the initial section contour curves are revised to
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pass through all the high precision tactile probing data and
preserve the tendency of the original shape, the accuracy of
optical measurement can thus be improved.

In energy-based curve deformation algorithms, the defor-
mation of a curve is realized under the combined action of the
internal and external energy of the curve. The internal energy
maintains the original shape of the curve, while the external
energy provides power for the deformation of the curve.

1) INTERNAL ENERGY OF CURVE
Let P (u) be a space curve parameterized by u, the traditional
internal energy of the curve is [39]

Einternal =
∫
�

α

2

∥∥∥∥dP (u)du

∥∥∥∥2 + β2
∥∥∥∥d2P (u)du2

∥∥∥∥2 du (16)

where α and β are weighting parameters that control the
deformable contour’s tension and rigidity, respectively. � is
the parametric domain of the curve.

When the internal energy of the curve expressed by (13)
reaches the minimum value, the curve evolves into a straight
line, that is, under the action of internal energy, the curve will
gradually smooth into a straight line. This form of curve inter-
nal energy obviously can not meet the requirements of this
paper. The focus of this paper is to achieve curvemodification
on the basis of maintaining the original shape of the curve as
far as possible, that is, the curve internal energy should be
shape-preserving.

To this end, a new internal energy of the curve is presented
in this paper. Since (13) smoothes the curve into a straight
line, when it reaches the straight line state, the internal energy
of the curve will be reduced to the extreme value of zero.
Based on this, we construct an error curve which satisfies the
following equation

R (u) = P (u)− S (u) (17)

where R (u) is the error curve, P (u) is the deformed curve,
S (u) is the original curve before deformation.

In this way, when the error curve satisfies the minimum
value of (13), the internal energy of the error curve is zero,
that is, the shape of the deformed curve is consistent with that
of the original curve, that is to say, the shape of the original
curve is preserved.

From (13) and (14), the internal energy for deformed
curves is

Einternal =
∫
�

α

2

∥∥∥∥dP (u)du
−
dS (u)
du

∥∥∥∥2
+
β

2

∥∥∥∥d2P (u)du2
−
d2S (u)
du2

∥∥∥∥2 du (18)

Equation (15) makes the deformed curve keep its original
shape asmuch as possible. However, the optical measurement
data inevitably contain noise and outliers. In order to make
the curve modification algorithm have the ability to smooth
noise, this paper further optimizes the curve internal energy

into the following forms:

Einternal =
∫
�

α

2

∥∥∥∥dP (u)du
−
dS (u)
du

∥∥∥∥2 + β2
∥∥∥∥d2P (u)du2

∥∥∥∥2 du
(19)

The meaning of the second integral term of the new inter-
nal energy of the curve is to minimize the curvature of the
deformed curve. By minimizing the internal energy of the
curve, on the one hand, the deformed curve keeps the shape
of the original curve under the constraint of the first term
of (16), on the other hand, the curvature of the deformed
curve is minimized under the constraint of the second term
of (16). Therefore, the curve can be smoothed on the basis of
maintaining the original shape of the curve, so as to further
improve the accuracy of the fused data.

2) EXTERNAL ENERGY OF CURVE
Constructing a new curve that meets the requirements on
the basis of the original curve requires imposing various
constraints on the curve. These constraints are transformed
into external energy of curves. In the field of computer aided
design, the most commonly used geometric constraints are
displacement constraint and tangent vector constraint. How-
ever, for the measurement application scenario in this paper,
it is difficult to get the actual tangent vector of the measured
surface, so the tangent vector constraint is not applicable to
the multi-sensor measurement data fusion, and only displace-
ment constraint is considered.

We construct the external energy with spring-like system.
Assuming that there are m high-precision contact measuring
points as displacement constraint points, they are expressed
asCi (i = 1, 2, · · ·m), if P (ui) = Ci is deemed to be the zero-
extension location of spring, then the external energy can be
written as

Eexternal =
∑
i

γ

2
[P (ui)− Ci] (20)

where γ represent the external force stiffness coefficient in
a broad sense. Minimizing the external energy will result in
P (ui) = Ci, that is to say, the external energy will always
tend toward making the resultant curve P (u) satisfy the given
conditions.

3) TOTAL ENERGY OF CURVE
The curve modifications are deemed to be the deformations
under total energy including both internal energy and external
energy. The total energy of curve equals to

Etotal = Einternal + Eexternal

=

∫
�

α

2

∥∥∥∥dP (u)du
−
dS (u)
du

∥∥∥∥2 + β2
∥∥∥∥d2P (u)du2

∥∥∥∥2 du
+

∑
i

γ

2
[P (ui)− Ci] (21)

In this paper, uniform cubic B-spline is used to repre-

sent the section contour. let Pk (u) =
3∑
l=0

B3,l (u)Wk+l and
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FIGURE 8. The influence of the parameter γ on the results of curve deformation.

Sk (u) =
3∑
l=0

B3,l (u)Uk+l , where Wk and Uk denote the

control point vectors of the resultant curve and original curve
respectively. Equation (18) can be represented as:

Etotal =
n−1∑
k=1

∫ 1

0

α

2

[
3∑
l=0

B
′

3,l (u)Wk+l−

3∑
l=0

B
′

3,l (u)Uk+l

]2
du

+

n−1∑
k=1

∫ 1

0

β

2

[
3∑
l=0

B
′′

3,l (u)Wk+l

]2
du

+

∑
i

γ

2

[
3∑
l=0

B3,l (ui)Wi+l − Ci

]2
(22)

where B
′

3,l (u) and B
′′

3,l (u)means the first and second deriva-
tion of B3,l (u) with respect to the parameter u.

Let B (u) =
[
B3,0 (u) ,B3,1 (u) ,B3,3 (u) ,B3,3 (u)

]T , Xk =
[Wk ,Wk+1,Wk+2,Wk+3]T , Yk = [Uk ,Uk+1,Uk+2,Uk+3]T ,
then (19) becomes:

Etotal =
n−1∑
k=1

∫ 1

0

α

2

[
XTk B

′

(u)− Y Tk B
′

(u)
]2

+
β

2

[
XTk B

′′

(u)
]2
du

+

∑
i

γ

2

[
XTi B (ui)− Ci

]2
(23)

According to the principle of variational calculus,
the resultant curve’s control points should satisfy the

following differential equation:

∂Etotal
∂Wk

= 0 (k = 1, 2, . . . , n+ 2) (24)

Through (21), the new control points of the resultant curve
can be solved, so the new curve is determined.

4) PARAMETER SELECTION
The parameter selection of α, β, γ has a significant effect on
the resultant curve. Usually, these parameters are chosen in
different orders of magnitude. For the sake of convenience
of comparison, we set α = 1. Fig. 8 shows the effect of
parameters γ on the curve deformation. The blue curve is
the original curve, the red curve is the resultant curve after
deformation and the black solid circles are the displacement
constraint points. Generally speaking, the optimization prob-
lem of (21) can not strictly meet with the given conditions.
The larger the value of parameter γ , the better the given
condition is satisfied. Therefore, large value of γ is needed
to well satisfy the given conditions. However, large value
of γ might leads to an unstable solution of (21). A proper
value of γ lies roundabout 102 − 108.
Fig. 9 shows the effect of the parameter β on the curve

deformation. The black curve is a smooth curve without
noise, the blue curve is a curve obtained by adding random
noise to black curve. The black solid circles are the dis-
placement constraint points. In order to facilitate observation,
we select constraint points from the original black curve and
shift the Y coordinate of these points downwards by 1 mm,
so that the deformed curve will keep the shape trend of the
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FIGURE 9. The influence of the parameter β on the results of curve deformation.

original curve, which is convenient for comparing the results
of the algorithm. The red curve is the resulting curve obtained
by applying the curve deformation algorithm proposed in this
paper on the blue noisy curve. It can be seen that the greater
the value of the parameter β, the smoother the resulting curve
is. But too large β value will lead the resulting curve to be
excessively smoothed, thus deviating from the overall shape
tendency of the original curve. In practice, the value of β
should be selected according to the noise level, the bigger
the noise scale, the bigger the β value should be, usually,
the scope of β is 10−1 − 103.

VI. EXPERIMENTAL IMPLEMENTATION
In this section, three parts with various geometric features are
used to verify the effectiveness of the proposed algorithm.
The proposed multi-sensor digitization method was com-
pared to contact measurement and laser scanning methods to
validate the advantage and the feasibility.

A. EXAMPLE ONE
Part A (see Fig. 10a) is made of aluminum alloy and designed
with only geometric features. The geometric elements on the
part include typical geometric features: plane, sphere, cylin-
der, and cone. The data measured by laser and tactile probe
are shown in Fig. 10b, c, respectively. The data measured by
the laser scanner is segmented into point data patches each
belonging to a different surface patch (see Fig. 10d). Then
the large amounts of scattered points that belong to different
geometric element patches can be compensated by a small
amount of high-precision tactile probing points.

The fitting results for different features using different
digitization methods are listed in Table. 2. It can be seen that
the quality of the point data measured from laser scanner has
been greatly improved after compensation. The compensated
data are almost the same as the accuracy of the data measured
from the tactile probe. In recent years, with the development
and wide application of optical measurement technology,
surface reconstruction via large discrete sampling data set has
been developed as one of the main research subjects with
the wide attention of both theoretical and applied circles.
The data fusion method in this paper provides good input
data for these algorithms, which improves the accuracy of
reconstructed surface. The meshed surfaces from the laser
scanning data before and after compensation are illustrated
in Fig. 11a, b, respectively. We can see that the surface
reconstructed with the compensated data is more smooth and
precise.

B. EXAMPLE TWO
To demonstrate the feasibility of the proposed method for
free-form surface measurement, a free-form surface of a
part made of aluminum alloy with the base measuring
100mm×100mm is served as a test object. The experiment
is carried out as follows:

1) VALIDATION POINTS
In order to assess the resulting surface quality of the proposed
inspection system, a set of validation points are collected
by CMM. The measurements are carried out on a CMM,
MPEE = 2.2 + L/350 µm, equipped with a Renishaw
PH10M PLUS probe, a 50 mm stylus with a ball tip
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FIGURE 10. Points data measured using multi-sensor system. (a) Part A to be measured. (b) Data
measured from laser scanner. (c) Points measured from tactile probe. (d) Segmented data patches.

FIGURE 11. Meshed surface. (a) Surface before compensation. (b) Surface after compensation.

FIGURE 12. Deterministic surface construction. (a) Coordinate measurement using CMM. (b) The
fitting surface in CMM inspection.

of 5 mm in diameter. 900 uniformly distributed sampling
points are measured along a regular grid u × v (30 rows ×
30 columns) in area (0.01–0.99) u × (0.01–0.99) v. Fig. 12a

presents the measurement performed on CMM. The inspec-
tion data are used to fit the deterministic surface, shown
in Fig. 12b.
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TABLE 2. Fitting results using different methods (dimensions in mm).

2) LASER SCANNING
The non-contact digitization of the whole surface is carried
out with a laser line scanner, as shown in Fig. 13. As the
scanned product is made of aluminum alloy, its surface has
the specular properties, which will increase the measurement
uncertainty. So, the object is lightly painted with white matte
paint before scanning is carried out. The acquired 3D points
cloud data are pre-processed for smoothing, reduction, etc.,
and then serves as a guide for tactile probe.

3) DIGITIZATION USING TACTILE PROBE
After laser scanning, slicing operation is conducted on the
point cloud model to extract section contour curves of the
measured surface. The principle of point cloud slicing is
shown in Fig. 14a. A set of parallel planes are used to slice the
point cloud model along a user-defined direction. Supposing
the point cloud model is P, one of the section planes is E ,
thewidth of its correlated domain is d , where d , or bandwidth,
is fixed and is determined by the density of the points. Thus

a narrow band, which uses the section plane E as its mid-
section, is formed. The points between plane El and E make
up the point set of down-domain Kl and the points between
plane Er and E make up the point set of up-domain Kr .

Correlated points matching operation is performed
between Kl and Kr to find correlated point-pair set with
the minimum distance. Section contour point set is then
determined by finding intersections between the connecting
lines of correlated point-pairs and the section plane, as shown
in Fig. 14b.

As shown in Fig. 15, the point cloud model acquired using
laser scanning is intersected by 20 parallel section planes with
a constant interval. The slicing direction is along the X-axis
and several original contour curves are obtained after slicing
and B-spline curve fitting. Then, measuring points of contact
measurement are determined through equal chord deviation
samples on these section contour curves. According to the
position and normal vector of each measuring point, it is
easy to plan the path of tactile probe and generate G code
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FIGURE 13. Laser scanning on the CNC machine tool.

FIGURE 14. Point cloud slicing. (a) Point cloud slicing diagram.
(b) Calculation of intersection points.

files that can be executed by CNC machine tool. As shown
in Fig. 16, the CNC system controls the moving mechanism
of themachine tool to drive the probemove to eachmeasuring
position and obtain the coordinate data of the measuring
point. These obtained data points are then used to compensate
for the data of non-contact digitization.

4) DATA FUSION AND PRECISION ANALYSIS
To improve optical measurement accuracy, the original con-
tour curves are compensated by using the shape-preserving
curve deformation technique mentioned in Section IV.B.
A total of 227 high precision contact measurement data points
are used as constraint points to conduct modification on
the initial section contour curves of optical measurement.
A series of modified contour curves are then obtained after
data fusion, as shown in Fig. 17.

To clearly show the results of the data fusion, the second
section curve is particularly analyzed. A total of 100 points
are sampled and analyzed from the original section curve,
the deformed curve after data fusion, respectively. As shown
in Fig. 18a, there are 11 contact measurement data points
used as constraint points for curve modification. It can
be seen that the original section curve obtained by non-

FIGURE 15. The original section curve obtained through point cloud
slicing.

FIGURE 16. Contact measurement on the CNC machine tool.

FIGURE 17. Data fusion through curve modification. The original section
curves are shown in red, the resultant curves after data fusion are shown
in blue, the data points obtained by contact measurement are marked by
asterisks.

contact measurement is pulled to the theoretical curve, and
the resultant curve passes through all contact measurement
data points while maintaining the shape of original section
curve. Fig. 18b shows the deviation that corresponds to the
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FIGURE 18. Data fusion of the second section curve. (a) Data fusion result of the second section curve. (b) Deviation
of the second section curve before and after compensation.

FIGURE 19. Comparison between the reconstructed surface and deterministic surface. (a) Surface reconstructed from raw
scanned data. (b) Surface reconstructed from compensated data.

second section curve before and after compensation. The
deviation is determined by calculating the difference between
the points sampled from the curves and the deterministic
surface. It can be seen that the measurement error is greatly
reduced after compensation. The maximum error is reduced
from+0.032/-0.019 mm to+0.008/-0.011 mm, and the devi-
ations are mainly within ±0.01mm after compensation.
The skinning operation is then carried out on the new

section contour curve group to reconstruct the surface after
data fusion. To verify the effectiveness of the multi-sensor
data fusion algorithm, the original surface from optical mea-
surement and the reconstructed surface after data fusion are
compared to the deterministic surface measured using CMM.
The comparisons are carried out in Geomagic Qualify (GQ)
software, the results of the analysis are shown in Fig. 19.
It can be seen that there is a large deviation between the

original surface of optical measurement and the determin-
istic surface, especially in highly curved and edge areas.
After the fusion of contact and optical measurement data,
the deviation in most areas of the reconstructed surface had
been significantly reduced. This shows that the proposed data
fusion method can effectively improve the accuracy of optical
measurement.

However, it can be seen from Fig. 19b that the errors
present zonal distribution between the section planes after
surface reconstruction. Especially in the large curvature
region, the error is even larger than that before data fusion.
The reason for this is that the interval between adjacent
section planes is too large to reconstruct the surface with ideal
precision using the skinning operation. To further improve
measurement accuracy, it is necessary to increase the number
of section planes. However, this will also increase the number
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TABLE 3. Statistics of experiment results.

FIGURE 20. The secondary point cloud slicing and data fusion along the
Y direction. The original section curves are shown in red, the resultant
curves after data fusion are shown in blue, the asterisks represent points
on the resultant curves after the first data fusion along X direction.

of contact measuring points and reduce the efficiency of the
system.

To cope with this problem, a double-direction data fusion
method is proposed in this paper. This method can further
improve the measurement accuracy without increasing the
number of required contact measurement points. Through the
above analysis of the data fusion for the second section curve,
it can be seen that the resultant curves after compensation
are very precise (Fig. 18b). Therefore, the points on these
curves can be used as constraint points for the section contour
curves along the Y direction for secondary data fusion. It is
noted that 13 constraint points are enough to obtain high pre-
cision contour curves through curve modification. Therefore,
13 slicing planes are used to intersect the point cloud model
along the X direction firstly, and 13 high precision section
contour curves are obtained through data fusion with a total
of 128 contact measuring points as constraint points. Then
a second application of point cloud slicing along the Y direc-
tion with more intensive section planes is performed. With
the points on the deformed contour curves along X direction
as constraint points, 30 high precision contour curves along
Y direction are then obtained, as shown in Fig. 20. Then these
newly-constructed section contour curves are used for surface
reconstruction.

To verify the validity of the proposed double-direction
data fusion method, the reconstructed surface is imported
into GQ for error analysis. As shown in Fig. 21a, the devi-
ation between the reconstructed surface and the determinis-
tic surface was further reduced after secondary data fusion.

The deviation was reduced to ±0.016 mm in most areas.
To further demonstrate the advancement of our approach,
we compared themeasurement result with a commercial mea-
suring device. The commercial measuring device used here is
HandySCAN 700 from Creaform Company with accuracy of
0.03 mm and volume accuracy of 0.020mm + 0.025mm/m.
Fig. 21b shows the comparison between surface reconstructed
from measurement data of commercial device and determin-
istic surface. It can be seen that the measurement accuracy
of the proposed method is obviously higher than that of
commercial non-contact measuring equipment. The proposed
method compares favorably with commercial equipment in
terms of various error statistics, which further proves the
superiority and effectiveness of the proposed algorithm.

Fig. 22 shows the dispersion curves and the standard devi-
ation obtained for the comparative analysis in GQ between
the deterministic surface and the original surface of optical
measurement and the surface reconstructed from double-
direction data fusion. It can be observed that the deviation of
optical scanning data is mainly distributed from -0.015 mm
to +0.015 mm, and the deviation interval is reduced to
−0.008 mm - +0.008 mm after secondary data fusion.
In addition, standard deviation (and therefore the uncertainty)
is also reduced to a very low level after data fusion.

5) THE FINAL STATISTICS OF THE EXPERIMENT RESULTS
The final statistics of the experiment results are listed
in Table. 3. Our novel multi-sensor method spent much less
time on the data collection than contact measurement because
only a small number of contact measuring points are needed.
However, much more time is spent on data processing. That
is because the data pre-process and fusion of the two sensors
are relatively complex. In terms of reconstruction accuracy,
multi-sensor digitization can achieve much more accurate
measurements than laser scanning, but the accuracy is slightly
lower than that of contact measurement. The reason for this is
that the systematic error of optical measurement can be cor-
rected through data fusion. Therefore, the accuracy of multi-
sensor measurement is better than pure optical measurement.
However, the proposed data fusion method is based on global
curve modification, and local distortions of contour curves
that are caused by random errors of optical measurement
cannot be completely corrected, which makes the accuracy of
multi-sensor measurement slightly lower than that of contact
measurement.
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FIGURE 21. Comparison between the reconstructed surface and deterministic surface. (a) Surface reconstructed from
double-direction data fusion. (b) Surface reconstructed from measurement data of commercial measuring equipment.

FIGURE 22. Curves of distributions and standard deviations of the reconstructed surface with original
scanning data (top row) and surface reconstructed from data compensated by double-direction data
fusion (bottom row). (a) and (c) Percentage of error distribution. (b) and (d) Standard deviation.

Consequently, taking the actual total time and accu-
racy of the resulting surface into consideration, our multi-
sensor digitization method achieved an optimal performance

both in accuracy and working time among the three dig-
itization methods. Therefore, the experiment results indi-
cate that rapid and precise reverse engineering can be
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FIGURE 23. Influence of the number of section planes on accuracy. (a) Maximum error. (b) Average error. (c) Standard deviation.

FIGURE 24. RE of part C. (a) Part C to be measured. (b) Points data scanned from the laser scanner.
(c) Data captured by the tactile probe. (d) CAD model constructed in solidworks.

achieved by the proposed approach for complex free-form
surface.

6) INFLUENCE OF THE NUMBER OF SECTION PLANES ON
ACCURACY
To see the effect of the number of section planes on surface
reconstruction accuracy, we slice the point clouds with dif-
ferent number of section planes, the reconstructed surfaces
are compared with the deterministic surface. Fig. 23 shows
that with the increase of the number of section planes, the

accuracy of reconstructed surface is improved, but when the
number of section planes increases to a certain value, the
accuracy of reconstructed surface remains almost constant.
Intuitively, more section planes are needed for a freeform
surface with larger surface slope.

7) DETERMINATION OF SECTION PLANE
To determine the number and location of the section plane,
we can first slice the point cloud along the Y direction to
obtain dense section curves. And then we determine the
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FIGURE 25. The comparison between probed points and reconstructed CAD model. (a) CAD model
before compensation. (b) CAD model after data fusion.

constraint points of each section curve by equal chord devi-
ation method. The positions of the constraint points on the
curve with the most constraint points are used as the positions
of the section planes for the X direction point cloud slicing.
After the X direction data fusion, the obtained high precision
section curves can then be used to compensate these section
curves that are obtained by the previous Y direction slicing to
obtain more high-precision section curves.

C. EXAMPLE THREE
Part C is a complex workpiece that contains both typical
geometric features and free-form characteristics. The points
measured by the laser scanner and tactile probe are shown
in Fig. 24b, c, respectively. After data segmentation and
fusion, a CAD model was reconstructed in the SolidWorks
2016 environment as shown in Fig. 24d.

1) MEASUREMENT SPEED COMPARISON FOR SENSORS
Table. 4 lists the numbers of raw measurement data points
and measurement time. In the process of measuring part C,
the time of laser scanning is 8 min 36 s and the time of tactile
probing is 22 min 48 s, therefore the total measuring time
is 31 min 24 s.

Finally, 278,654 laser scanning points are retained after
data reduction to generate a satisfactory mesh surface for
CAD model reconstruction, and 732 points measured from
tactile probe are exploited to compensate the laser scanning
data.

In comparison, if we assume that the measuring speed of
the tactile probe is 1 point per second, based on the probing
speed presented in Table. 4, it would take at least 77 hours to
digitize the part using only a tactile method. The integration
of the laser scanner and tactile probe, therefore, leads to much
faster measurement than the tactile method alone.

2) CAD MODEL ACCURACY COMPARISON
To validate the quality of the final reconstructed CADmodel,
both uncompensated and compensated models are compared

TABLE 4. Numbers of points and measuring time.

with data measured by CMM which can be regarded as the
reference points on the actual surface. Fig. 25 presents the
comparison between probed points and final reconstructed
CAD models before and after compensation. We can see that
the accuracy of the geometric elements of reconstructed CAD
model has been greatly improved after data fusion.

VII. CONCLUSION
In this paper, an effective multi-sensor approach for the effi-
cient and precise reverse engineering of complex geometry
has been presented. Other existingmulti-sensor configuration
approaches only use optical sensors to capture the global
surface information of the object and then guide the slower
tactile probe to digitize the surface. The presented method is
implemented through the incorporation of a laser line scanner
and a tactile probe. The proposed system is unique in that it
includes not only the physical integration of the two sensors
but also their combination at the measurement information
level. The laser scanner is used to digitize the overall object
surface. Then the obtained geometric information is used to
guide the tactile probe to re-measure the surface with a small
number of sampling points. Finally, these high precision
contact measurement data points are used to compensate non-
contact measurement data to obtain a large number of high-
precision measurement data for CAD model reconstruction.
The results of the three case-study experiments show that
the proposed approach offers an ideal compromise between
precision and efficiency. A fast and precise measurement of
complex geometry can be achieved. It has potential appli-
cations in a whole spectrum of manufacturing problems
with a major impact on metrology, inspection, and reverse
engineering.

VOLUME 7, 2019 165811



Z. Yu et al.: Rapid and Precise Reverse Engineering of Complex Geometry Through Multi-Sensor Data Fusion

To realize the high integration of reverse engineering,
the integrated measurement system proposed in this paper is
based on a CNC machine tool. The proposed measurement
system has potential for improved accuracy if integrated into
the CMM, which has higher kinematic accuracy than CNC
machine tool.

The proposed curve deformation method is a global mod-
ification method. Local distortions of contour curves that
are caused by the random error of non-contact measurement
cannot be completely corrected. As shown in Fig. 21a, there
are still some discretely distributed areas with relatively large
measurement errors. Future work will focus on two aspects:
on the one hand, we will work to reduce the uncertainty of
non-contact measurement, so that the initial section contour
curves can better grasp the geometric features of themeasured
surface, on the other hand, we will explore new method
for multi-sensor measurement data fusion, such as multi-
sensor information fusion technology based on evidence
theory [40], [41].
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