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Contact-Based Pose Estimation of Workpieces for Robotic Setups
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Abstract— This paper presents a method for contact-based
pose estimation of workpieces using a collaborative robot.
The proposed pose estimation exploits positions and surface
normal vectors along an arbitrary path on an object with
known geometry, where surface normal vectors are estimated
based on contact forces measured by the robot. When data
is only available along a single path, it is difficult to find
initial correspondences between source data (recorded points
and normal vectors) and target data (CAD of an object);
hence, a novel weighted incremental spatial search approach
for generating correspondences based on point pair features is
proposed. Subsequently, robust pose estimation is employed to
reduce the effect of erroneous correspondences. The proposed
pose estimation is verified in simulation on three paths on
two objects and with different levels of noise on the source
data to quantify the robustness of the algorithm. Finally,
the method is experimentally validated to provide an average
pose rotation and translation accuracy of 0.55° and 0.51 mm,
respectively, when using the robust estimation cost function
Geman-McClure.

I. INTRODUCTION

High-mix low-volume robotic manufacturing has recently
been getting attention since traditional robotic automation
is hardly able to manage the high product variation in pro-
duction processes [1]. High-volume production often relies
on accurate fixtures to eliminate the kinematic uncertainty,
which makes it possible to complete, e.g. assembly tasks
in a fast and reliable way. Accurate fixtures are often too
expensive for high-mix low-volume production; thus, work-
piece calibration must be performed in a different manner.
The workpiece pose estimation can be done with point set
registration based on visual data (point cloud) acquired uti-
lizing calibrated 3D scanning devices or with data obtained
from contact-based calibration methods, which relate a point
on an object with a point in a CAD file.

Point Set Registration (PSR) is the procedure of obtaining
a rigid transformation between two sets of points, and
has been used in various vision, and pattern recognition
applications [2]. Correspondence-based point set registration
methods follow the procedure

1) Collect source data p; € R3 fori=1,...,N.
2) Given target data q; € R? for j = 1,..., M. Find
correspondence vy : {1,...,N} = {1,...,M}.
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(a) Contact data (b) Dense point cloud data

Fig. 1: Types of source data. (a) has contact points (blue) and
surface normals (green), on the other hand, (b) has spatial
points (blue).

3) Find rigid transformation (R,t) € SE(3) by solving

N

' d(pi, Rgy) +1 1
(R.,tl)qélsnE(;a); (pi; Ry iy +1) (1)

where d is a distance function.

When the correspondence v is known then (1) can be easily
solved with d chosen as the Euclidean distance. This is the
approach used in most contact-based calibration methods
[3], [4]. However, when the correspondence ~ has erroneous
pairs, then outliers are introduced into the least squares
problem, which greatly affects the accuracy of the pose
estimation. To minimize the effect of outliers, heuristic
estimation methods such as RANSAC [5] are being used,
but the computation time of RANSAC grows exponentially
with the outliers ratio [6]. Alternatively, optimization-based
estimation methods such as ADAPT [7] can be used; ADAPT
runs with an adaptive inlier threshold to reject the outliers. To
decrease computational costs and increase robustness even
further, Graduated Non-Convexity (GNC) [8] was proposed
in [9] as a robust estimation method for spatial perception
applications. The method enables robust estimation in case
of a high outlier ratio and shows better performance than
RANSAC and ADAPT.

All of the above methods rely on given correspondences
between source and target data. One potential method to find
the putative correspondences is the Point Pair Feature (PPF)
which extracts local surface features based on the relative
position and normal vector of given points [10]. Most feature
matching methods based on PPF, such as Fast Point Feature
Histogram (FPFH) [11] and Point Pair Feature Histogram
(PPFH) [12] are likely to contain a high outlier ratio in the
putative correspondences [6]; thus, the subsequent optimiza-
tion problem to find the rigid transformation must be robust
towards outliers. It should be noted that the available data
in the considered pose estimation problem is considerably
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different from the standard vision problem, as only partial
data along a contact line is available. Fig. 1 illustrates a dense
point cloud and a path including points and surface normal
vectors which are considered in this paper. The addition of
surface normals is expected to improve the pose estimation,
as the combination with a point cloud and a surface normal
generally performs better than using only a point cloud in
the pose and camera calibration process [13][14][15]. Note
that the surface normal cannot be computed based on only
positional information along the path.

In this paper, we propose a novel approach for contact-
based pose estimation, where initial correspondences are not
known and source data is represented as points and normal
vectors along a path on the object. Since the data corresponds
to a partial contact line, we show that it is not possible to
use conventional feature matching methods such as FPFH
and PPFH for determining the correspondences. Therefore,
a new PPF-based weighted incremental spatial search method
is proposed for finding correspondences along a given path.
In addition, the robust pose estimation problem in [16] is
slightly modified to use the surface normal correspondences.
We show that the proposed pose estimation applies to the
considered problem, and is robust towards noise in the source
data.

The paper is structured as follows. Section II formulates
the problem addressed in the paper. The proposed method
is presented in Section III and explains how the correspon-
dences are obtained and subsequently how the robust pose
estimation is solved. The method is verified in simulation
in Section IV and experimental results are provided in
Section V. Lastly, conclusions are provided in Section VI.

II. PROBLEM FORMULATION

To estimate the 6D pose of a given workpiece with a
robot, it is generally important to know multiple points
on the surface of the workpiece and preferably the surface
normals at each point. To this end, we need to estimate the
points and the surface normals directly while a robot moves
smoothly on the surface of the workpiece, keeping contact as
shown in Fig. 2. However, the estimated contact information
as source data is much more partial than the dense point
cloud provided by the vision-based approach, which leads
to difficulty extracting features and matching them between
source data and target data to find putative correspondences.

In the subsequent step the optimal rigid transformation
w.r.t., a robot base on the putative correspondences, has to
be obtained, which can be accomplished by using the existing
non-minimal solvers [16]. However, since the performance
of the non-minimal solvers depends on how many noises and
outliers are inherent in the data, we need to take advantage
of the robust pose estimation method. The following section
proposes a solution to the presented problem and provides an
accurate and robust method for pose estimation when given
only contact data and a CAD model.

Fig. 2: Data collection with a robot. f. is a contact force,
and p. is a contact velocity, and T£j is the transformation
between robot base and an object. Five frames are defined:
O{B}- robot base, O{e}- end-effector, O{W}- world, O{c}-

contact, and O{Obj}— object.

ITII. PROPOSED METHOD

The proposed pose estimation method consists of the

following three steps

1) Data Collection: The collected data is a sequence of
pairs (p;,n;), where p; € R3 is the measured point,
and n; € R3 is the estimated surface normal vector
for: =1,..., N, where N is the number of samples.
The noise on the data is assumed to be given by a zero
mean Gaussian process with known covariance.

2) Correspondence Generation: Find correspondences
between source data (p;, n;) and target data (g;, m;),
ie. a function v : {1,...,N} — {1,...,M}. The
correspondences are found using a novel method ex-
plained in Section III-B that uses point pair feature
[10].

3) Pose Estimation: Find a homogeneous transformation
(R,t) € SE(3) from target to source data. The trans-
formation is found using the robust pose estimation
method proposed by [9], where the surface normal
is included in the distance measure as explained in
Section III-C.

A. Data Collection

As shown in Fig. 2, a pointy tool attached to a robot is
guided along an object (blue dashed line). Recorded tool
position, velocity, and contact wrench are used for estimating
surface normal vectors along the path. The surface normal is
estimated using the integral adaptive law presented in [17].

B. Correspondence Generation

The Point Pair Feature (PPF) method describes the object
features formulated with all pairs that include the relative
information of points and their normal vectors [10]. A PPF
is defined as:

F(p1,p2) = (va, £(n1,vq), Z(n2,va), Z(n1,n2))  (2)

where pi, p2 € R3 are points on the surface, n,,n, € R?
are surface normals at each point, vg = ||p2 — p1||2 is the
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Fig. 3: Illustration of the algorithm for the three steps of the spatial search method. First (left) the two best clusters are
identified based on average PPF distance, and a weighted directed graph is generated relating the first segment of source
data to the two clusters. Second, the next center points are identified within the two clusters. Third, the procedure is repeated

by identifying the two best clusters for the two center points.

distance, and Z(a, b) is the unsigned angle between vectors
a and b. Each element of a PPF should be normalized to be
in the same order of magnitude. For calculation efficiency,
we define an r-neighborhood around each point in the target
data as:

M@G) =k e{t,.... MI\ {7} lg; — grll2 <7} ()

where g; is said to be the center point of the neighborhood
M(j). In addition, we partition the source data into S
segments; we assume that the source data is ordered, i.e.
p1 is the start of the path and py is the end of the path. Let

index be i' =1 and for s =2,...,5
15 = k s.t. — Dis—tl]2 > 7. 4
R lpr = pis—allz > ()
The source data segments are defined as
S = {i*, st _1},s=1,...,8 5)
where i1 = N 4 1.

For each neighborhood of the target data, we introduce a
cluster Cg( /) defined from a neighboring point g, as:

= {k e M(j)| £(q; — —qi) <0}

where 6 > 0 is a threshold on the angle. A feature map with
respect to q; is defined for a cluster C as

Fei) = | Flay an)-
kec

dhn,q;

(6)

Finally, we define the distance between a point pair feature
F' and a feature map F as

d(F,F) = min |[|F — F||,. @)
FeF

In our case, the source data only consists of points and

surface normals on a contact line; hence, the PPF method is

more sensitive to noise than when having a dense point cloud.

Therefore, it is required to look at the trends of the data. To
achieve this, we propose a PPF-based weighted incremental
spatial search method for finding putative correspondences.
The proposed method searches for the most similar sets
of points in the target and source data by leveraging both
sequential information of the contact line and its features.
Thus, we generate M directed weighted graphs, where each
graph relates source and target data from one initial point in
the target data q;; the shortest path through all M graphs
gives a correspondence between segments of source data
and clusters of target data. The generation of the weighted
graphs is computationally demanding; thus, the beam search
method [18][19] is used when generating the graph. The
beam search method only adds the best k£ candidates to
the graph at each iteration. An overview of the algorithm
for finding correspondences is given in the following and
supported by Fig. 3.

1) Find Directions: The direction of the source data in
segment S° with respect to the neighborhood M (5)
in the target data is found by a) filtering to minimize
noise, and b) identifying the cluster with the best fit
of PPF. The filtering is accomplished by finding the
average distance between point pair features for all p €
S? with respect to p; and the feature map Fc(j), i.e.,

dc S5 = #SS kgsd Phpk) ]:C( ))

(®)

where #S5° denotes the cardinality of S°. The best
direction is found from the above average distance as

h*(s,j) = argmmd 9)

heM(G) Cr@G),se

This is illustrated in Fig. 3 (left) for the first segment
and in Fig. 3 (right) for the second segment. In the
illustration, we use the two best clusters to complete a
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beam search. The distance (8) is used as a weight in
the weighted graph, see bottom of Fig. 3.

2) Find Next Center Points: The next center point q;+
in the target data is chosen to have the maximal
distance to the previous center point g; within cluster
CZ*(sj)(j) with € < 0, i.e.,

i+

J' = argmax ||q5—qk|’2.

kGCh*(SJ) 7

The center point g;+ is associated to the next segment
of the source data S**!. This is illustrated in Fig. 3
(middle) where the center points are identified within
the darker cones with a smaller angle.

3) Find Correspondences: After iterating between 1)
and 2) until the last segment of the source data, a
weighted graph starting at each point in the target
data is available. We identify the best starting point
g~ by finding the graph with the shortest path. The
weighted graph relates segments and clusters, i.e. it
provides a sequence of pairs (S°,Cy)s=1,. n. The
correspondence vy is generated from the sequence of
segments and clusters as:

(i) = argmind(F(p1, p;), F(p;=, p)) (10)

keCs

where i € S*and s =1,...,5.

C. Robust Pose Estimation

To obtain an optimal transformation, we need to formulate
an optimization problem based on the correspondences given
by ~. However, the correspondences are likely to have
outliers which negatively influence the accuracy of the pose
estimation. Therefore, we eliminate outliers in v by robust
optimization. According to [9], one way to eliminate the
effect of outliers is to apply robust cost function p(-) such as
Geman-McClure (GM) and Truncated Least Squares (TLS)
to the optimization problem (1) as

N

> o(llrpis ayi)ll,)

=1

min
(R,t)eESE(3)

(1)

where r(-) is the residual error between source data and
transformed target data. We use the method proposed in [9]
for robust pose estimation that combines Black-Rangarajan
Duality [20] and Graduated Non-Convexity (GNC) [21].
In addition, we reformulate the least square optimization
problem proposed by [16] in order to exploit our estimated
surface normal vectors.

1) Black-Rangarajan Duality: This theory is utilized to
reconcile between robust estimation and outlier process.
According to [20], the problem (11) can be replaced with:

N
)Z [Mllr(pnqw(i))H; + %(W,;)]
1

=

min

12
(R,t)ESE(3 (12)

where W is a set of weights and ®,(1V;) is an outlier process
depending on W; and p(-).

2) Rigid Transform Optimization with GNC: To solve
problem (12), we use Graduated Non-Convexity (GNC) [21],
where an adaptive parameter p is gradually increased or
decreased to recover the robust cost functions p(-) from an
initially convex surrogate cost function p,,(-). The parameter
u is changed in an outer loop while a transformation (R, t) is
found in an inner loop for the fixed i by alternating between
the following two optimization problems [9]:

1) Transformation optimization

N
R,t)™ = i wmb i a0l
( ) (2£)g£1;1(13); i HT(P, a~( ))||2

(13)

2) Weight optimization

N
(m) _ i A1 (oi, goi) |12 ;
W = a3 [Willren g+, 0%0)
(14)

where m € IN is iteration number. According to [9], Weight
optimization (14) is solved using a closed-form solution that
depends on the used robust function p,,. In this paper, we
use GM and TLS. In the optimization problem (13), we use
the solver proposed by [16] to find R and ¢.

The residual error in (13) and (14) is defined using point-
to-plane and normal-to-normal distances:

1) point-to-plane (used in e.g. [16], [22])

Dy = [lma) " (pi = (R, +0))IF - (15)
2) normal-to-normal (introduced in this paper)
Dy, = [[(ri — Rmy )13 (16)

When using the distances defined in (15) and (16)
in the optimization problems (13) and (14), we replace
Hr(pi,q,y(i))Hz with aD}, + aD},, where the two weights
o, & > 0 should be scaled according to the noise covariance
on the source data.

It is seen that optimization problem (13) is quadratic in
the unknown variables; thus, we follow [16] and reformulate
(13) as the following constrained quadratic program

3 vec(R)
(R*,t*) = argmin 7 U7, 7= t (17)
(R,t)eESE(3) 1

where U is generated from the source data, target data, and
weights a;, a.

To solve (17), we follow [16] and approximate the con-
straint R € SO(3) by quadratic constraints, which leads
to a Quadratically Constrained Quadratic Program (QCQP)
for finding the rotation matrix R (the translation ¢ is sub-
sequently computed based on R). The dual problem to the
QCAQP is then solved to find R using CVX [23]. The solution
to the dual problem is empirically shown to obtain the global
optimal solution of the primal problem, see [16] for details.

12327



IV. SIMULATION

In this section, we verified the proposed method in simu-
lation. For verification purposes, we used two types of mesh
objects; an L-shaped membrane and a car object. The L-
shaped object is defined with a mathematical equation, on
the other hand, the car mesh has complex shapes provided by
the PASCAL+ dataset [24]. For each mesh model, we extract
a point cloud as target data from the model and provide an
arbitrary contact path including surface normals as source
data. We firstly show that existing methods cannot find the
putative correspondences properly. Subsequently, we conduct
several simulations to verify the proposed method in terms
of sensitivity toward noise, paths, and geometry.
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Fig. 4: Comparison with the existing methods in terms of
outlier ratio as a function of noise variance.

Fig. 4 shows that the existing methods: PPF [10], FPFH
[11], and PPFH [12] cannot provide the putative correspon-
dences when only data along a contact line is provided;
therefore, they cannot be used for our problem. This is
because we use only partial data in the matching, i.e. data
from a line of the object is available; thus, other methods
cannot complete the matching. On the other hand, our
proposed method provides putative correspondences even if
noise levels are increased. The performance of PPF is better
than the proposed method when there is no noise, since PPF
visits all points in a neighborhood, whereas our proposed
method uses threshold parameters to define the best cluster
in each neighborhood. However, it is clearly shown that the
outlier ratio of PPF is highly increased when noise is added
to the source data, which indicates that it cannot be used in
the real environment.

To statistically analyze the robustness to noise, we conduct
50 simulations for 20 noise levels in translation and surface
normal. The standard deviations of noise on translation and
surface normal are increased in steps of 0.1 mm and 0.1°,
respectively. As shown in Fig. 5, the proposed method is
robust toward noise on translation and surface normal and
provides correspondences with a low outlier ratio compared
to other methods in the case of noisy source data.

We generate various paths on the objects as shown in
Fig. 6 to assess if the performance of the method, depends on

100 100
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20 }/ 20 /i %

0 0.5 1 1.5 2 0 0.5 1 15 2
Noise levels [m] (3

80

Outlier Ratio [%)]
Outlier Ratio [%)]

Noise levels [deg]

Fig. 5: Performance of finding correspondences depending
on the gradual increase of noise levels.

the specific path or the specific object geometry. As shown
in TABLE 1, the results for both models with three paths
indicate that GNC-TLS and GNC-GM have overall good
performances in all evaluations. The accuracy of ADAPT is
similar to the GNC methods, but it has a longer computation
time. The results of the rotation error in the second path
show that RANSAC obtains the best performance, but the
translation error is very large compared to other methods. In
conclusion, we verified that the proposed method estimates
the pose of a given object when provided with various contact
paths. Note that we normalize all errors since the two mesh
models have different mesh resolutions and sizes.

V. EXPERIMENTAL EVALUATION

We evaluated the proposed method on a real robotic setup
including a Universal Robot UR10e. In order to perform the
experiments, we designed a pointy tip attachment that en-
ables the human operator to record exact in-contact motion,
via kinesthetic teaching. Furthermore, in order to validate
the performance of our proposed approach, we carried out a
table-to-object calibration following the procedures proposed
in [25]. Based on the calibration, we defined the transforma-
tion T£ ; as the ground truth pose of the test L-shaped object
shown in Fig. 2.

In the first phase of the experiment, we recorded the
contact path with kinesthetic guidance. The operator, phys-
ically grabbed the robot by the tool and with the help of
a compliance controller, demonstrated the positional path
while maintaining contact between the tool and the object.
Afterward, we replayed the demonstrated path in order to
eliminate the human effect on the robot and recorded the
data such as the contact point, wrench, and velocity. Based on
the recorded contact data, we estimated the surface normals,
which represent the source data with contact points. The
recorded source data and the target data extracted from the
CAD file were used to find correspondences and estimate
the transformation, TOBZ,J-. In total, we performed three exper-
iments to validate our proposed method. TABLE II shows
the performance of our proposed method. It can be seen
that the proposed method provides putative correspondences
in the real environment with an average outlier ratio of
70.92%. The outlier ratio is influenced by various factors
such as the error of the surface normal estimation and tool
calibration. However, our outlier ratio is small compared to
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Fig. 6: Different contact paths in simulation. Green vectors are surface normal vectors, and blue dots are contact points.

Rotation Error

Translation Error Execution Time [s]

Methods Path 1 Path2 Path3 Average | Path1 Path2 Path3  Average | Path 1 Path2 Path3  Average

GNC-TLS | 0.383 2.209 0.486 0.631 0.052  0.014  0.045 0.037 24.82 40.7 31.19 32.24

L- GNC-GM | 0.682 2.241 0.459 0.704 0.039  0.027 0.02 0.028 16.26  25.68 18.11 20
Shaped ADAPT 0.403 2.178 0.481 0.63 0.047 0.022 0.041 0.037 219.8 478.2 276.6 324.9
RANSAC 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 35.78 67.39 37.93 47.03
GNC-TLS | 0.022 0.021 0.103 0.032 0.064  0.053 0.036 0.054 34.98 19.11 3478 29.64
Car GNC-GM | 0.019 0.038 0.123 0.041 0.05 0.033 0.028 0.039 25.44 15.08 26.46 22.33
ADAPT 0.022 0.022  0.146 0.038 0.078 0.059 0.037 0.062 211.8 151.5 309.9 224.4
RANSAC 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 28.52 29.38 36.86 31.59

TABLE I: Simulation performance of contact-based pose estimation with robust optimization. All results except for execution
time are normalized relative to RANSAC. All executions have the same noise levels; standard deviations of rotation and
translation are 2° and Imm, respectively. The average outlier ratio is 65.49% for all paths.

Rotation Error [deg]

Translation Error [mm)] Execution Time [s]

Methods 5T path 2 Path 3 Average | Palh I Path2 Path3  Average | Path T Path2 Path 3 Average
GNCTLS | 0979 0729 0391 0699 | 122 054 0925 0895 | 1879 2606 2471  23.14
L- | GNC-GM | 0.635 025 0781 0555 | 0487 064 0404 051 | 1361 1962 1271 1544
Shaped | ADAPT | 1428 2109 0316 1284 | 1.585 5571 0864 2673 | 1588  190.6 19269 1844
RANSAC | 3849 0981 3069 2633 | 1223 1313 1282 1272 | 4435 3611 4673  43.13
Outlier ratio [%] [ 7949 6011 7317 7092

TABLE II: Experimental validation with the performance of contact-based pose estimation.

other works that report outlier ratios of more than 95% with
real data [6]. Although the putative correspondences have
outliers, the pose estimation shows rotation and translation
average accuracy of 0.55° and 0.51 mm, respectively, when
using GNC-GM. As shown in the previous section, GNC ap-
proaches have the best performance overall, having rotation
and translation errors under 0.7° and 1 mm, respectively. We,
therefore, conclude that the results of the real experiments
are comparable with the simulations and that the proposed
method provides a high pose estimation accuracy despite the
noise in the source data.

VI. CONCLUSIONS

In this paper, we presented a contact-based pose estimation
method for localizing a workpiece in the workspace of
a collaborative robot. We compared the proposed method
with other state-of-the-art methods and concluded that the
proposed method for finding correspondences outperforms
the other methods when the source data is only given along

a single path. Furthermore, we reformulated the distance
function in the pose estimation method to use surface normal-
to-normal information and demonstrated that we can perform
robust pose estimation of the workpice. A simulation-based
comparison between existing PPF-based methods for finding
correspondences and our method showed that the proposed
method is significantly more robust towards noise. Finally,
the proposed contact-based pose estimation was experimen-
tally evaluated on a real robotic setup. The outcome of the
experiments confirmed the simulation results by validating
the method’s high pose accuracy.
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