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Abstract:In this paper we propose an approach to surface reconstruction using active tactile sens-
ing and surface normal information. Unlike previous works which consider primarily the problem
of reconstructing a single tensor B-spline patch based on deformed planar or spherical domain,
the surface reconstructed here is a network of triangular B-spline patches based on arbitrary
topological domain and can maintain tangent plane continuity. The input is unorganized tactile
sensing 3D data points with normal information of arbitrary topological type surfaces, which are
obtained by a dextrous multi-fingered hand equipped with force/moment tactile sensors. The sur-
face reconstructed is a parameterization of the data over these patches. An adaptive refinement
is explored on the patch network in order to satisfy a given error tolerance. Demonstrations are
carried out on simulated and experimental data.

Keywords: Surface reconstruction, Active tactile sensing, Surface normal information, Trian-

gular B-spline surface

1. Introduction

For future robots to be able to replace human be-
ing in various tasks, they must have the capability of
recognizing the unknown surrounding environment.
In particular, robots must be able to recognize the
shape of an unknown object a priori. We, human
being can obtain the shape of an object by seeing or
touching. Similarly, there are two means to obtain
the shape of an object in robotics, one is robot vi-
sion, the other is tactile sensing. Robot vision can
provide global shape information of an object quick-
ly by utilizing visual tools such as CCD camera and
laser range finder. Tactile sensing can detect the
shape of an object through utilizing a tactile sensor
to directly touch the object. If an object appears in
a scene of visually bad conditions, robot vision fails
easily. If an object is occluded from view, robot vi-
sion becomes useless. In these cases, tactile sensing
may be the best alternative means to robot vision.
Because the occlusion of view cannot be avoided
in the vision system, in order to obtain shape da-
ta points of a whole object, the object must be
scanned from multiple view points. Consequently,
the synthesizing of these data points is necessary,
this is a very tremendous work. Tactile data can be
used directly, although it is generally sparse com-
pared with the scanned data in visual tools. This
sampling density can be improved through repeated
tactile sensing.

* Department of Intelligent Systems

Tactile sensor is an essential prerequisite for the
implementation of tactile sensing. Some of the most
useful parameters to recover through tactile sensor
are angle and magnitude of force, surface normal,
location of contact, curvature, and type of contact
(point, line, plane). There are mainly two different
types of tactile sensors to obtain contact informa-
tion in robotics. One is a fingertip force/moment
sensor that gives location, resultant force and sur-
face normal using strain gauge structure’). The oth-
er is an array sensor that has an advantage for de-
termining contact shape from a single contact mea-
surement. Fingertip force/moment sensors are con-
venient in manipulation. Array sensors however are
not very useful for manipulation because they are
usually designed in flat shape.

Since tactile sensor provides only local informa-
tion of contact location, in order to obtain the whole
shape information of the unknown object, robots
have to keep sliding and/or rolling contact with the
object through manipulation. This type of com-
bined manipulation and tactile sensing, or the so-
called active tactile sensing, is essential to tactile
perception.

Considering the slip between tactile sensors and
an object, it is so difficult to keep pure rolling con-
tact that we only utilize sliding contact to explore
the shape of an object. Using the sliding explorato-
ry procedure, local and global shape properties of
an object can be explored.

Assume the object is fixed, we can use any fin-
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ger or all fingers simultaneously of multi-fingered
hand to slide along the object to obtain shape data.
Because semi-spherical fingertip force/moment tac-
tile sensors are fixed on the hand, the position and
surface normal information are simultaneously ob-
tained while exploring is being implemented. These
3D data points with normal information gathered
about the shape of the object are unorganized and
used to reconstruct the surface of the object. The
reconstructed surface of the object can guide the
further shape recognition of the object.

In this paper we present an approach to auto-
matic reconstruction of a triangular B-spline sur-
face of arbitrary topological type from an unor-
ganized set of 3D data points with normal infor-
mation, which are obtained by a dextrous multi-
fingered hand equipped with tactile sensors. Unlike
previous work which considers primarily the prob-
lem of reconstructing a single B-spline patch based
on deformed planar or spherical domain, the sur-
face reconstructed here is a network of triangular
B-spline patches based on arbitrary topological do-
main and can maintain tangent plane continuity.
The surface reconstructed is a parameterization of
these data points over these patches. An adaptive
refinement is explored on the patch network in order
to satisfy a given error tolerance. Demonstrations
are carried out on simulated and experimental data.

The paper is organized as follows. Related works
are described in the next section. In the follow-
ing sections, a brief overview of triangular B-spline
surface is first provided, and the reconstruction al-
gorithm is described in detail. Then, the the results
of simulation, experimental setup and the results of
experiment are shown. Finally, we make the con-
clusion.

2. Related Works

There have not been so many works discussing
surface reconstruction from tactile sensing. Bays?
proposed a simple multi-fingered surface explo-
ration procedure, in which only the normal direction
of the force sensor information is utilized for esti-
mating the surface parameter in a Kalman-filtering
style. Hong Zhang et al.®) have developed a scheme
that the unknown object is expressed as a set of lo-
cal contact frames and the surface parameters asso-
ciated with each frame, and an active tactile sensing
strategy for shape recovery. Rao et al.¥ have recov-
ered the convex shape of a polygonal part from a
sequence of projections. Projecting the part on-
to an axis in the plane of the part produces a

scalar measure, the diameter, which is a function
of the angle of projection. The diameter of a part
at a particular angle can be measured using an in-
strumented parallel-jaw gripper. Lindenbaum et
al.” give algorithms for the approximate reconstruc-
tion of arbitrary convex planar shapes using line
probes. That work need not restrict the objects to
be considered to be polygonal. Fearing® has at-
tempted to recover the shape of a certain class of
generalized cones, known as Right Linear Straight
Homogeneous Generalized Cones(RLSHGC), from
multi-fingered sparse tactile information including
point contacts, surface normal and surface curva-
ture. Beccari et al.” describe techniques for rec-
ognizing convex polyhedra from sparse tactile data,
using volumetric representations and active tactile
exploration. Charlebois et al.®) describe a method
for curvature estimation, which entails dragging a
set of fingers over the surface, then fitting the re-
sulting contact data to a tensor B-spline descrip-
tion of the surface patch. Allen et al.® performs
exploratory operations such as contour following to
recover shape, fitting the resultant tactile data to a
superquadric description of the unknown shape.

These papers described so far mainly focus on
the reconstruction of surfaces of simple topological
type, such as deformed planar regions and spheres,
and address the problem of reconstructing surfaces
using tensor product B-spline patches. Unfortu-
nately, tensor product surfaces are inherently rect-
angular in nature. While tensor products have
proven themselves an excellent tool for the model-
ing of largely regular surfaces, they have well-known
draw-backs if the modeling of largely irregular ob-
jects is required. Triangular patches can represent
any irregular objects, therefore, not surprisingly, re-
constructing surface of triangular patches is being
regarded as a matter of course.

3. Overview of Triangular B-spline
Surface

This section provides a brief overview of trian-

gular B-spline surface. Triangular B-splines were

introduced by Dahmen, Micchelli and Seidel in'®.

3.1 Simplex Splines

Simplex splines form the individual basis func-
tions for the triangular B-spline surface. Let T =
{A(T) = [vi,vj,w] | T = (4,5,k) € T C Z3} be
an arbitrary triangulation of the parameter plane
R?, or of some bounded domain D C R?, and

suppose that a sequence of knots {v;0,...,v;n}
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is assigned to every vertex v; in this triangula-
tion in such a way that v;o = v;, and such that
any three knots form a proper triangle. Let V/ =
{'U,‘U, ceyVigos Ujgyr e oy Vigy s Vkgs - - - ,’Uiﬂz}-

Consider the three knots V' = (vg, v1, v2), the con-
stant simplez spline is defined as

1
M(u|V) = { ld(a/)!

where d(V) is twice the area of the triangle
A(vg,v1,v2), [V) is half-open convex hull of V.

Let W = {wg, w1, w2} be any subset of affinely
independent knots from VBI, and the higher order
simplex spline is defined recursively as

if uelV)
otherwise

(1)

2
M(ulVy) =Y B(ulW)M (u|V5 \{w;}) (2)
7=0

where B,(u|W) are the barycentric coordinates of
u with respect to W.

In order to make these splines useful for modeling
applications, they must be renormalized to ensure
affine invariance. Let dé = d(wg,,ws,,ws,), the
normalized B-splines N (u|V{) are defined as

N(u|V{§) = diM(ulVy) (3)
As a result, the normalized simplex splines form a
partition of unity.

3.2 Triangular B-spline Surface

For every triangle I and every triple of indices g,
a control point ¢ € R? is defined. An arbitrary
triangular B-spline surface of degree n over a given
triangulation T is then defined as

= Z Z c{;N(u]Vﬁ") (4)

I€T |B=n|

The points cé control the shape of the surface S(u).
Some of the main properties of the triangular B-
spline surface are summarized below:

e Piecewise Polynomial: S(u) is a piecewise poly-
nomial of degree n.

e Convex Hull Property: S(u) lies in the convex
hull of its control points c}.

e Locality: Movement of the control points ch
only influences the region of the surface on the
triangle A(I) and on those triangles surround-
ing it.

e Smoothness: A degree n triangular B-spline
surface is a piecewise polynomial of degree n
over the subtriangulation induced by its knot
net that is C*~! continuous everywhere if its
knots are in general position.

e Affine Invariance: The relationship between
the control points and the triangular B-spline
surface is invariant under affine coordinate
transformations.

4. Algorithm

Our triangular B-spline surface reconstruction al-
gorithm consists of 4 successive phases, which is
shown in Fig.1 and described in details in the lat-
ter.

Data Points of Tactile Sensing

Phase1 | Surface E'xtraction |
Phase 2 [ Surface Simplification |
Phase3 [  SurfaceFiting |
Phase4 | Surface I;efinement |

Fig.1 Flow chart of surface reconstruction.

4.1 Phase 1: Surface Extraction

In this phase, we implement the extraction of
surface based on Marching Cube Algorithm'?. The
Marching Cube Algorithm was created to render
volumetric-based medical imagery. Such imagery
consists of a set of three dimensional voxels, which
contain data from medical sensors such as CT
scans. The algorithm takes its name from the fact
that it marches around the voxels and produces a
set of triangles for each voxel element.

Before we can implement the Marching Cube Al-
gorithm, we must convert these 3D data points with
normal information into a volume dataset. The vol-
ume dataset is defined as a distance volume. That
is, the value stored at each voxel is the shortest dis-
tance of these 3D data points to the surface of the
object being reconstructed by the volume dataset.
Because each data point has normal information,
using the 3D value and normal value of each data
point, we can assign a tangent plane to each da-
ta point. These tangent planes may serve as lo-
cal linear approximations to the surface. However
because of the noise of data point with normal in-
formation, the reconstructed surface is not reliable
using these tangent planes. We assign a narrow re-
gion to every 3D data point and obtain a new 3D
data point(p) with normal information(n), which is
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shown in Fig.2. The new 3D data point is the cen-
ter of gathered 3D data points in the narrow region,
and the new normal vector is obtained by summing
the normal vectors of 3D data points. Then, these
new 3D data points is converted into distance vol-
ume.

Fig.2  New 3D data Points with normal vectors.

4.2 Phase 2: Surface Simplification

The Phase 1 generally produces a large number
of triangles. The sizes of these triangles vary signif-
icantly. We must simplify the surface reconstructed
to satisfy surface fitting in the next phase through
reducing the number of triangles. In this phase, we
only applied the Mesh Optimization method which
is developed by Hoppe et al.'?.

4.3 Phase 3: Surface Fitting

Based on the triangulation T obtained in Phase 2,
we first calculated all the triangular B-spline basis
functions. Now the work of surface fitting is to find
the control points ¢} of all patches of T such that
the distance of these data points P; to the surface
S(u) is minimized. More precisely, we minimize the
distance functional

=N
E(S)aist = »_ |1P; — S(P)|)? (5)
=1

This is a type of nested minimization problem. It-
erative method has been developed to solve this. In
the method, each iteration consists of two steps:

o 1. Fitting step: For fixed triangulation T, the
optimal control points cé are found by solving
a linear least-squares prbblem.

e 2. Triangulation T correction step: For fixed
control points c},, new Triangulation T, is
produced by calculating the values of all ver-
tices of Triangulation T.

Usually the accuracy of fitting is improved consid-
erably after only a few iterations (we typically use
4). ’

One problem with surface fitting is that the re-
sulting surface may have unwanted “wiggles”. It is
therefore common to augment the energy functional

with an additional fairness term. That is, we must
minimize the new energy functional

E(S) ZE(S)d'ist'l"/\'E(S)fair (6)

Because the normal vectors(N;) of surface can be
obtained during tactile sensing, we use the surface
normal information in the fairness term. First the
normal vectors(N;) of surface are converted into
derivatives in the u and v directions using the fol-
lowing equation

T, =[1,0,-22]) | T, =1[0,1,— 2] (7)
Nz iz

where, the vector [n;z,ny,n;.] is the value of the
normal vectors (N;) of surface in the coordinate
{u,v,u ® v}, the ® is the output product. The
%ﬁ and %}f- are the derivatives of the triangular B-
spline surface in the u and v directions. The fairness
term is then defined as

=N
E(S)fai'r = Z (( u %)2 + (Tu - %)2)8)

i=1

There remains the problem of finding a reasonable
choice for the fairness weight A. The A\ makes the
surface fit to preferentially approximate the position
or the normal vector at each data point.

About continuity, simple .geometry continuity
(G) is first achieved trivially by sharing control
points along the boundaries. of adjacent patches.
Because the control points of these triangular B-
spline patches are computed using local combina-
tions of vertices in triangulation T, and the triangu-
lar B-spline patches then automatically meet with
tangent plane (G!) continuity.

4.4 Phase 4: Adaptive Refinement

The surface fitting algorithm described in Section
4.3 minimizes the total squared distances ) . || P; —
S(P;)||? of these data points P; to the B-spline sur-
face S. It is often desirable to specify a maximum
error tolerance for the fitting. Phase 4 attempts to
find a surface S such that max(|| P, —S(F;)||) < € for
a user-specified error tolerance e. To achieve a giv-
en tolerance within our least squares optimization
framework, it may be necessary to introduce new
degrees of freedom into the surface representation.
One could achieve this by globally subdividing the
Triangulation T (using templates in Fig.3). How-
ever, this would introduce degrees of freedom uni-
formly over the whole surface, even if data points
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exceed the error tolerance only in isolated neighbor-
hoods.

We instead develop an adaptive refinement
scheme. We firstly define a face of Triangulation
T onto which any point P; projects with [P, —
S(P;)]| > € as Larger Face(LF), and the face that
have a common edge with LF as Adjacent Face(AF),
then the goal of this refinement scheme is to subdi-
vide any LF of Triangulation T, while at the same
time ensuring that the resulting subdivided faces
still form a valid Triangulation T;,. We use the tem-
plate 1 in Fig.3 to subdivide LF , and use the tem-
plate 2 in Fig.3 to subdivide AF, the edge to be
subdivided in template 2 is common edge of a LF
and a AF. The values of new vertices introduced in
Triangulation 7;, lie at the midpoints of edges are
calculated using triangular B-spline. Having con-
structed the locally refined Triangulation T;,, we
update the parameterizations of these data points
P,‘,.

After adaptive refinement, the fitting method of
Phase 3 is reinvoked. The resulting surface may still
not be within € of all the points, indicating that fur-
ther refinement is necessary. We repeat the phases
of refinement and fitting until the error tolerance e
is satisfied.

(1) 2

Fig.3 Subdivide templates.

5. Simulation Study

The algorithm proposed in Section 4 is execut-
ed on a Solaris workstation which has a 600 MHz
Intel Pentium III processor. To test effectiveness
of the algorithm, we first used the simulated data,
which has 1229 data points with normal informa-
tion. These data points with normal information
are shown in Fig.5. The surface extracted by the
Phase 1 is the Fig.6, which has 1314 triangular
patches. The surface simplified by the Phase 2 is
the Fig.7, which has 174 triangular patches. The
surface fitted by the Phase 3 is the Fig.8, which has
error sum 0.0023. The surface refined by the Phase
4 is the Fig.9, which has 195 triangular patches.
The error tolerance e of each patch is set as 0.0005,
and the error sum of all patches is 0.0014. Utilizing
the algorithm we proposed, any arbitrary topologi-
cal type surface can be reconstructed. As a result,
we can generate any resolution surface. A high res-
olution surface is generated and shown in Fig.10.

The execution times(minutes) of 4 successive phases
are 0.03, 0.2, 28, 35, respectively.

6. Experimental Study

We also used experimental data to test the effec-
tiveness of the algorithm proposed in Section 4 on
the same Solaris workstation as used in the simu-
lation study. The data is obtained from the tactile
sensing with a multi-fingered hand. The experimen-
tal setup is described in the following subsection.

6.1 Experimental Setup

Fig.4 Experimental setup.

The experimental setup for our research is a dex-
trous hand contains three fingers, which is manu-
factured by YASKAWA Electric Corporation and
shown in Fig.4. Each finger consists of three actu-
ators and three rigid links, and has three degrees
of freedom. Each of these actuators is a motor
unit with a reduction gear and an encoder in its
body. The motor is AC torque with 0.71Nm rated
torque. The gear ratio of motor is 80. Each fin-
gertip of three fingers is equipped with a six-axis
force/moment sensor. The radius of semi-sphere at
each fingertip is set to 20[mm]. The detected con-
tact point error of six-axis force/moment sensor is
under 0.5[mm], and the error of normal vector is
under 3.0 degrees.

The real time computational platform is a
SPARC CPU-3C, which implements the capabilities
of the SUN MicroSystems SPARCclassic worksta-
tion on a single board with VME bus and connect-
ed to a local network. The real time operating sys-
tem is VxWorks developed by Wind River Systems.
The CPU cycle of the microSPARC microprocessor
is 110MHz.
fingers, it takes Hms to obtain a contact point data

Except for the time of moving of
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with normal information.

6.2 Results of Experiment

To save time, we first only use a finger to explore
a part of the object and obtain 374 data points.
Then we make twice different coordinate transfor-
mation of these data points and assume the trans-
formed data points be the remained part of the ob-
ject. The data obtained from experiment has 1122
data points. These data points with normal infor-
mation are shown in Fig.11. The surface extracted
by the Phase 1 is the Fig.12, which has 860 trian-
gular patches. The surface simplified by the Phase
2 is the Fig.13, which has 93 triangular patches.
The surface fitted by the Phase 3 is the Fig.14,
which has error sum 0.0248. The surface refined by
the Phase 4 is the Fig.15, which has 169 triangular
patches. The error tolerance € of each patch is set
as 0.003, and the error sum of all patches is 0.009.
A high resolution surface is generated and shown in
Fig.16. The execution times(minutes) of 4 succes-
sive phases are 0.02, 0.2, 38, 47, respectively.

7. Conclusion

We have developed an approach to reconstruc-
tion of a G1 triangular B-spline surface of arbitrary
topological type from 3D data points with normal
information without user assistance. The approach
makes use of a surface spline construction to ob-
tain G1 continuity, we show that such an approach
leads to an efficient B-spline fitting method. We
have introduced an adaptive refinement scheme. Fi-
nally, we have applied our approach to reconstruct
B-spline surfaces within user specified maximum er-
ror tolerances on simulated and experimental data.
There exist a number of areas for future research.
The approach should be extended to allow recon-
struction of piecewise smooth surfaces that contain
discontinuities such as creases and corners. Cur-
rently our algorithm has difficulty with such fea-
tures, as it approximates them by adaptively refin-
ing the smooth surface numerous times. Identify-
ing these discontinuities on the surface may require
some user intervention. Hopefully semi-automated
segmentation methods can be developed that do not
require complete specification of patch boundaries.
Such methods could replace Phase 1 and 2 of our
approach.
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Fig.6  Extracted surface of simulated data.

Fig.7 Simplified surface of simulated data.
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