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Abstract—1In this paper, we propose an algorithm that
estimates contact point and force simultaneously. We consider
a collaborative robot equipped with proprioceptive sensors, in
particular, joint torque sensors (JTSs) and a base force/torque
(F/T) sensor. The proposed method has the following advan-
tages. First, fast computation is achieved by proper preprocess-
ing of robot meshes. Second, multi-contact can be identified with
the aid of the base F/T sensor, while this is challenging when
the robot is equipped with only JTSs. The proposed method is
a modification of the standard particle filter to cope with mesh
preprocessing and with available sensor data. In simulation
validation, for a 7 degree-of-freedom robot, the algorithm runs
at 2200Hz with 99.96% success rate for the single-contact case.
In terms of the run-time, the proposed method was >3.5X faster
compared to the existing methods. Dual and triple contacts are
also reported in the manuscript.

I. INTRODUCTION

Collaborative robots, which are becoming more and more
popular nowadays, are designed to share a workspace with
humans. Consequently, safe physical interaction under a col-
lision or a contact has become an important research topic. In
some studies, for example, collision-free path planning [1]-
[3] and passivity-based controller [4], [5] are used to ensure
safety. Some other studies aim at identifying occurrence of a
collision as quick as possible for the sake of safety [6]-[11].

To further understand and treat the physical interaction
properly, there have been attempts to estimate contact loca-
tion and force simultaneously (e.g., estimating 7. ; and F.; ;
in Fig. 1(a)). For this problem, a major branch of research is
to develop tactile sensors that try to mimic sensory receptors
of the human skin [12], [13]. Although tactile sensors are
a very promising technology, a more practical setup to date
would be to use proprioceptive sensors, such as a joint torque
sensor (JTS) or a 6-axis force/torque (F/T) sensor, which are
already mature and available in the market.

Indeed, a number of solutions have been proposed using
proprioceptive sensors [14]-[19]. For example, [14] proposed
a method based on the machine learning technique, and
[15] proposed a so-called line of force action method that
computes a contact location geometrically. These methods,
however, are known to have limited identifiable contact
locations. [14] considers only a few discretized points on
robot link, and the methods in [15]-[17] may have no feasible
solutions depending on the link geometry.
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Fig. 1. (a) The goal of this paper is to estimating contact location (r.; €
R3) and force (Fext,i € R3) using proprioceptive sensors (JTS, base F/T
sensor) (b) Point contact assumption is realized by friction cone formulation.

To estimate the contacts in a more general setup, particle
filter (PF)-based approaches have been proposed in [20]—
[22]. In this approach, particles are updated and resampled
to find a pair of location and force that explains all sensors
measurements, in the sense of a quadratic programming
(QP). Moreover, within the framework of PF, multi-contact
can be estimated when sensory information is rich enough.

However, a couple of challenges remain in the PF-based
approaches. First, the run-time is typically slow, mainly due
to the computation time in the motion model of PF; e.g.,
a motion model proposed in [20] projects particles to the
robot surface after updating them in 3D space. The run-time
reported in [20] is about 10Hz for a 30 degrees-of-freedom
(DOF) humanoid robot. [21] also proposed a PF-based
method, resulting in about 200Hz for a 7-DOF robot arm. A
method proposed in [19], which is in fact not a PF variant
to be precise, showed that the run-time can be improved
with a proper preprocessing of robot meshes, demonstrating
>600Hz for a 7-DOF robot. Second, algorithms proposed in
the previous works are often limited by singularities where
multiple solutions, that explain all sensor measurements,
exist. In fact, such singularities may appear quite frequently
when only JTS is considered, as analyzed in [18], [19].

This paper proposes a solution that tackles the two chal-
lenges mentioned above. First, inspired by [19], we improve
the run-time of PF with a mesh preprocessing that computes
mesh data offline; e.g., distance between all face pairs. In
our setup, however, this can only be done for each link
separately, and consequently, particles cannot be updated
across links. Therefore, we modified the PF by introducing
exploration particles, which are forced to investigate adjacent
links. Second, we mitigate the singularity by introducing a
F/T sensor at the base of the robot as shown in Fig. 1(a). With

12099



this setup, we can estimate a contact at any link including
the link 1 and 2, and can estimate multiple contacts even for
a collaborative robot which has only a few DOF. We remark
that these are known to be very challenging when the robot
is equipped with only JTSs [18], [19].

To summarize, this paper tackles a problem of estimating
contact forces and locations under multi-contact scenario
for a collaborative robot arm. We propose a new algorithm
called Multi-Contact Particle Filter with Exploration Particles
(MCP-EP) which employs CPF (contact particle filter) [20]
as a backbone. Again, compared to the prior work, (i) the
run-time is improved by introducing mesh preprocessing
step and exploration particles, and (ii) the base F/T sensor
is used to tackle multi-contact scenario while mitigating
the singularity. With the proposed method, for a 7-DOF
collaborative robot arm, the computation time was 0.45ms
(2200Hz) for a single-contact, and 1.66ms (600Hz) for a
dual-contact. Success rate of 99.96% for a single-contact,
could be achieved by alleviating singularities using the base
F/T sensor. Multi-contact scenarios up to 3 contacts are also
reported.

This paper is organized as follows. Section II presents
a QP formulation for the contact force identification that
incorporate JTS and base F/T sensor. In section III, MCP-EP
for multi-contact point localization and force identification is
presented. In section IV, the proposed algorithm is validated
through simulation studies.

II. QP-BASED CONTACT FORCE IDENTIFICATION
WITHOUT LOCALIZATION

This section presents a QP formulation that estimates
contact forces, without contact point localization which will
be presented in Section III. The QP outputs the contact forces
as a decision variable that explains the sensor measurements
(JTS and base F/T sensor) at a given candidate contact point.
Before formulating the QP problem, we first present an
estimation of external joint torque and contact-induced base
wrench using proprioceptive sensors (i.e. JTS and base 6-
axis F/T sensor). Throughout the paper, we assume a point
contact that does not include a moment [14], [15], [20]-[24].

A. Estimating External Joint Torque using JTS

Consider the following articulated multi-body dynamics
(also known as link dynamics of a flexible joint robot model):

M(q)G+ C(q,4)q + 9(q) = Tj + Teat, (1)

where ¢ € R™ is the joint variable, M (q) is the link-side
inertia matrix, C'(q,q) is the Coriolis/centrifugal matrix,
g(q) is the gravity vector, 7; is the joint torque measurable
using JTS, and 7., is the external torque caused by contact
forces.

Suppose that k& contacts exist in the robot (up to one
contact per link), as shown in Fig. 1(a). The external joint
torque Tey; 1S

k
Text = Z JlT(qy rc,i)Fea:t,ia (2)

i=1

where r.; € R? is the position vector of a i contact point
and J;(q,7.;) € R3*™ is the associated positional Jacobian
matrix at the contact point.

For a robot equipped with JTS, 7¢,; can be estimated using
the following momentum-based observer [6], [7]:

t
Fert(t) = K, {p - / (15 +n(q,q) + Text) ds} , 3
0

where p = M (q)q is the robot generalized momentum,
n(q,q) = C"(q,4)q4 — g(q) and K, is a diagonal gain
matrix. This can be regarded as a first-order low pass filter
of the actual external joint torque 7.,;. With sufficiently large
K,, we can simply assume 7oy ™~ Teqt [6], [25].

B. Estimating Wrench caused by Contact Forces using Base
F/T Sensor

Let Wy € RS denote the wrench at the base caused by
the external contact forces. Then,
k

W, — Z Isxs 4
ext,b — - |:5kew<'r'cyi>:| Fazt,za (4)
=1\ ,

EX. i(re,:)

skew(-) makes the R?® vector a R3*3 skew-symmetric ma-
trix. In fact, skew(-) defines a cross product, i.e., Va, b € R3

skew(a)b =a x b. (5)

It should be noted that the base F/T sensor measurement
does not provide a wrench due to the contact forces directly,
because the dynamics of the robot are included in the
measurement. Therefore, we employ a method proposed in
[16] to estimate W,,;; using the base F/T sensor. First,
compute a nominal g, by subtracting (3) from the (1) and
inverting the inertia matrix. This nominal value represents a
situation in which there are no contact forces. Second, given
the robot state (g, q) and §,,, use the recursive Newton-Euler
Algorithm (RNEA) to compute the nominal base wrench
which the base F/T sensor exerts on the robot base link.
Then, we can obtain VAVewt’b, which is an estimate of W, 5,
by subtracting the nominal base wrench from the base F/T
sensor measurement.

C. QP Formulation for Contact Force Identification
Define the vector W by

2 Text n+6
w |:We:1:t,b:| e R"™. (6)
Now, the problem is to find the contact locations and forces
that best explain W. Since we are assuming a point contact,
a pulling force cannot be applied on the robot surface. To
mathematically express this, we constrain the i contact
force to lie inside a friction cone F.(rc;), i.e., F.; €
F(re;). From (2), (4), and the friction cone constraint, we
can formulate an optimization problem in which the contact
points and forces are decision variables:

2
XT
g |W - Z [: Fes )
subject to 7. ; € S,Fcﬂ- € F(re), Yie{l,... k},
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where 7. = (Tc 1, .. . ,rc,k)T, F.=(F.1,..., Fc7k)T and S
represents the robot surface. This is a nonlinear optimization
problem since, for example, r. and F, appear as a cross
product in [J; Xgi]T F,; as can be seen in (4) and (5).
To simplify this problem, the friction cone is approximated
as a polyhedral cone as shown in Fig. 1(b). Under this
approximation, the i" contact force can be expressed as

fc,i,l
F.,= [ac,i,l :

s

ac,i,4:| = Ac,i.fc,i7 (8)

fc,i,4

where a.;; € R3 is a support vector of the polyhedral
friction cone and f.; ; is a weight of each support vector.

For simplicity, in (7), let us express Zf;l [Ji ngi]T F.,
as QT fo with fo = (fe1,. .., for)T. Here, Q € R¥**(n+6)
is a proper augmentation of AZiJi and X ;A.; matrices.
If, in addition, 7. is fixed, then (7) can be written as

2

rr}inHWfQch
afc,z',4 < O, Vi € {1,...,k},

(€))

subject to fei1,...

which is a convex QP problem because @ is constant for
the fixed r. and the friction cone is a convex set. Note that
the contact force f. is the only decision variable for this
problem.

It is worthwhile to mention that, by virtue of the base F/T
sensor, 6 sensing DOFs are added to (9) regardless of the
contact location. For example, if a contact is in link 1, the
number of available sensor DOF is 7 (6 from the base F/T
sensor and 1 from the JTS at joint 1). In contrast, if the robot
is equipped with only JTSs, the sensing DOF, in this case,
is 1, and therefore, the contact force and location cannot be
estimated.

III. PARTICLE FILTER ALGORITHM FOR CONTACT POINT
LOCALIZATION AND FORCE IDENTIFICATION

This section presents the MCP-EP algorithm for multi-
contact point localization and force identification. In this
section, X; represents a i set of particles {xgl], e ,xgm]},
and X = {X1,..., X} represents a set of particle sets. The
weight of a particle xgm] is denoted by wl[.m]. We assume that
multi-contact occurs sequentially, which is reasonable from
the practical point of view. The i" particle set X; € X will
estimate the 7 contact point.

A. Motion-Model

When updating particles according to the motion model
of PF, as there is no input to the motion model, a common
way is to update particles by a random walk method [20],
[21]. To improve the algorithm run-time, in this paper, we
perform a mesh preprocessing, and modify the motion model
accordingly.

(b)

N Link (i + 1)

Order of

Distance #1 #2 #ng
Facel | 1241 | 125 392
Face2 | 663 | 5532 | --- | 776
Faceng | 6623 | 234 | - [3441

Link ¢
© (@
Fig. 2. (a) The original mesh has irregular triangle faces (see red circle)

and non-contact parts (see green circle) (b) Non-contact parts are eliminated,
and the size of the faces is almost uniform. (¢) The data structure contains
adjacent face indices in ascending order of the geodesic distance. (d) While
the distance between the yellow faces is constant, the distance between red
faces changes as the joint rotates. Namely, the distance information between
different links cannot be precomputed.

1) Mesh preprocessing: As shown in the green circle of
Fig. 2(a), there exists a region in which a contact cannot
occur. We removed this manually using Blender [26]. More-
over, since the original mesh is irregular (red circle in Fig.
2(a)), we additionally applied a isotropic remesh algorithm
[27]. Fig. 2(b) shows the resulting faces. As a result, we can
represent the position of a particle using the link and face
index number as follows:

2™ = (link+#, face#t).

Moreover, we compute the geodesic distances (the shortest
distance on the surface) for all face pairs using GP-toolbox
[28] and stored them in ascending order as shown in Fig.
2(c). With this data structure, we can quickly find nearby
faces at any particle. Note that the whole procedure is
computed offline, imposing no computation burden on the
MCP-EP algorithm.

2) Modified Motion Model: Using the data structure in
Fig. 2(c), the random walk can be applied simply b?l chang-
ing the face index of a particle (i.e face# of xgm ). Since
no algorithmic computation is required other than index
changing, the computation cost is extremely low. For our
implementation, it takes about 0.06us to update one particle.

However, as shown in the Fig. 2(d), the distance between
the faces in different links varies as the joint rotates. There-
fore, the pre-calculated table in Fig. 2(c) is valid only for
each link, and consequently, the motion model is not able
to update particles across the link; i.e., the motion model
changes face#, but not link#. To overcome this, we will
introduce exploration particles later in Section III-C.

(10)
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Fig. 3. (a) Since A7 is already converged to the contact point 1, a weight of
particle in X> can be updated with sampled particle (z*(X1)). (b) Suppose
that the second force is applied, but a new particle set is not added yet. The
particle with the highest weight and the true contact point 1 are indicated
by the yellow and green circles, respectively. In this case, the particle with
the highest weight does not represent the true contact point 1.

B. Measurement-Model

Since a smaller QP error implies that the particle well-
explains the sensor measurements, we can define the weight
of a particle wz[m] using the QP error. Namely, a particle with
a smaller QP error is more likely a true contact point. For
a single-contact case, therefore, we can compute associated
weights by evaluating the QP error for all particles.

The multi-contact case, however, becomes more com-
plicated, as there exist multiple particle sets. When com-
puting the weight of a particle, other particle sets should
be considered jointly. This can also be captured by the
fact that the @ matrix in the QP problem (9) has the
size of 4k x (n 4 6), where k is the number of contacts.
Since evaluating all possible pairs of particles will require a
huge amount of computation, we propose a sampling-based
approach as follows.

Suppose that the weight w!™ of a particle z!™ €
Xy, among k£ > 1 particle sets, is of interest. Then, let
us sample particles from the other particle sets: x* =
{z*(Xa), z*(X3), ..., o*(Xy)}, where x* (X)) represents a
sampled particle from X; considering the associate weights.
With this setup, the weight wz[m} can be computed by

evaluating the following QP problem:
Wl = p(W | ") o exp (—aQP(W | 2", 2"))
(1)

2
;o (12)

QP(W |, ) = min|W - Q"f.

where a > 0 to ensure that the weight is inversely propor-
tional to the QP error.

Updating the weight of a particle in this way assumes that
the other particle sets have already converged to the true
contact points. This assumption is reasonable because forces
are sequentially applied to the robot, while the proposed
algorithm is fast enough to converge before the next contact
arrives. For example, in Fig. 3(a), the weight of a particle
in X can be updated with a sampled particle z*(X;) which
can estimate the true contact point quite reasonably.

Fig. 4. (a) A contact force is applied to link 3, and a particle set is initialized
and scattered over the entire robot. (b) Pink and yellow arrows indicate the
basic and exploration particles, respectively. All basic particles converged to
link 2 (see the blue circle). Since basic particles do not well-explain sensor
measurements in the sense of QP error, exploration particles are scattered
into the adjacent links. (c) Some basic particles are resampled around the
exploration particles which better explain the sensor measurements (see the
green circle). (d) Eventually, all basic particles converge to the true contact
point in link 3.

Remark 1: When a new contact occurs, the algorithm adds
a new particle set, as will be presented later. However, the
algorithm is not able to recognize it immediately, and in
the meantime, the particles tend to move around to explain
the new contact without an additional particle set, as shown
in Fig. 3(b). In our experience, sampling =* showed more
robustness than manually selecting «* with a certain criterion
(e.g. selecting a particle with the highest weight) because
sampling gives randomness to the measurement model. For
example, in the case of Fig. 3(b), the particle in the yellow
circle does not represent the true contact point (in the green
circle), despite the fact that it has the highest weight.

C. Exploration Particle

Recall that, the motion model is not able to update
particles across the links because it only changes face#.
Therefore, once all particles are converged to a wrong link,
there is no chance that particles are resampled in a correct
link. To overcome this, we introduce exploration particles to
investigate adjacent links (see Fig. 4(a) and (b)).

1) Update-Exploration-Particles: Algorithm 1 introduces
a method for updating the exploration particles. The main
idea is to divide the particle set X; into two subsets: basic
(X basic) and explore (X cxpiore). If the maximum weight of
the particle set is lower than a certain threshold € (i.e particle
set does not well-explain the contact point), one particle
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Algorithm 1 Update-Exploration-Particles(X)

Algorithm 3 MCP-EP(X)

I: for X; in X do

2 if Get-Maximum-Weight(X;) < € then

3 sample 2™ € X basic

4: discard xim] from X; pasic

5: 2™+ Motion-Model-near-link(z™)
6 add 2™ t0 X copiore

7 else

8 Xi,basic = Xi,basic U Xi,ezplore

9: Xi,ezplo're = @

10: end if

11: end for

12: return X

is randomly discarded from Xj pqsic. Then using Motion-
Model-near-Link (line 5), a new particle with adjacent link#
is added to A cppiore. Otherwise, merge X cppiore into
Xi pasic (line 8-9).

2) Importance-Resampling-EP (Exploration Particles):
Exploration particles undergo a different resampling process
than the particles in Xj pqsic. Basic particles are updated in
the same way as a standard importance resampling process.
However, exploration particles do not undergo resampling.
That is, basic particles can be resampled around exploration
particles, but exploration particles do not disappear during
the resampling process. Even if all basic particles converged
to a wrong link, they can be resampled on the correct link
due to the existence of exploration particles (see Fig. 4(c)
and (d)).

Algorithm 2 Manage-Particle-Set(X)

. if e(W,X) > € then
: add X to X

1

2

3 return X

4: end if

5: for X; in X do

6: if e(W,X\X;) < € then
7: discard X; from X
8 return X

9: end if

0: end for

1: return X

D. Manage-Farticle-Set

Since multiple contacts occur sequentially, the number of
particle sets should be properly adjusted. To this end, we
adopt a method proposed in [20] without modification, which
we present in Algorithm 2 to make this paper self-contained.

In Algorithm 2, e(W, %) = QP(W | x#(X)), where
¥ (X) = {a#(X)),..., 27 (X))}, and 27 (X;) is a particle
with the highest weight in X;. If X is empty then define
QP(W | 2#(X)) = WTW to initialize the PF. In line
1-4, if the current particle set does not explain the sensor
measurements, a new particle set X;,;; is added to X. In line
5-10, if sensor measurements can be well-explained without
a certain particle set X;, discard it from X.

1: X < Motion-Model(X) > In Section III-A

2: X < Measurement-Model (%) > In Section III-B
3: X < Update-Exploration-Particles(X) > In Section III-C.1
4: X <+ Importance-Resampling-EP(X) > In Section III-C.2
5: X < Manage-Particle-Set (%) > In Section III-D
6: return (X)
# of # of Succ. Conv. RMSE RMSE Run-time

contact  particle  rate(%) step position(cm)  force(N) (ms)

1 100 99.96 18.25 0.16 0.01 0.45

2 200 96.70 11.00 1.08 2.00 1.66

3 300 81.63 14.37 3.50 4.63 4.50

TABLE I

SIMULATION RESULT : OVERVIEW

E. Obtaining Estimated Contact Point and Force from Par-
ticle Set

The overall procedure of MCP-EP is given in Algorithm 3
in which aforementioned methods are executed sequentially.
After iterating Algorithm 3 several times, each particle set
converges to each contact point. The estimated i contact
point (r.;) can be obtained using x#(XZ-) which is the
particle with the highest weight in X;. The estimated i
contact force (F ;) can be obtained by solving the QP with
given estimated contact points (QP(W | z#(X))).

IV. SIMULATION VALIDATION

The proposed MCP-EP algorithm is implemented in Mu-
joco simulator [29]. Experiments are conducted with a 7-
DOF Franka Emika Panda robot arm that is equipped with
JTSs. The QP (9) is solved using qpSWIFT [30]. The
algorithm was tested on Intel Core i7-12700 cpu, 32Gb RAM
PC as a C++ single thread program.

Single, dual, and triple contact scenarios are simulated
10000 times each. At each run, robot configuration was
initialized randomly, and 20N force in the friction cone was
applied at a random position (however, up to 1 contact per
link). For quantitative evaluation of the algorithm, we classify
the case with < 2.25cm (which corresponds to, roughly, 5
faces) localization error as success. Then, the success rate
can be calculated as ‘# of success/10000°. We also report
convergence step, which means the number of iterations
until succeeds, root mean square error (RMSE) of position
and force, and the algorithm run-time (per iteration). Table
I summarizes the simulation results. Please notice that the
RMSE is evaluated including fail cases. In the following,
we discuss single and dual contact cases in more detail.

Contact ink _ TinkI _ Tink2 ink3  linkd  Tink5  link6  Tink7
S“C(C% )r A 10000 99.93 10000 10000 100.00 99.86  99.93
RMSE 17 012 018 013 009 029 0.4
position(cm)
RMSE 001 001 001 00l 001 002 002
force(N)

TABLE I
SIMULATION RESULT : SINGLE-CONTACT CASE
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Fig. 5. (a) A schematic diagram that shows a typical singular case under
single-contact. F and F» cannot be distinguished because they produce
the same sensor measurements. (b) A singular case for a 7-DOF robot.

A. Single contact case

As shown in Table I, on average, the success rate is
99.96% with 0.16cm, 0.01N RMSE. The algorithm run-
time is 0.45ms and 18.25 steps are required to converge.
Therefore, the algorithm estimates the contact in 8.21ms on
average after the force is applied. We would like to underline
that, the run-time of MCP-EP is at least > 3.5 times faster
compared to the existing methods [19]-[21], [23]. More
detailed data can be found in Table II.

Out of 10000 trials, contact point localization failed only
4 times, all due to the singularities. Although the use of
the base F/T sensor largely mitigates the singularity, there
are still some cases, in which multiple point and force pairs
can perfectly explain the given sensor measurements. For
example, F} and F, in Fig. 5 produce the same sensor
measurements, and as a consequence, the MCP-EP algorithm
may fail. Nevertheless, apart from singularities, which we
think are rare cases, single contact can be identified accu-
rately. We remark that all RMSE position errors in cm-scale
in Table II corresponds to less than 1 face error (roughly
speaking, 1 face error corresponds to 0.45cm error).

2nd contact link
linkl link2  link3 linkd  link5  link6 link7

Succ. rate(%) X 97.84 952 9891 100.00 97.96 98.71
link1 RMSE(cm) X 0.99 1.46 0.62 0.44 0.92 0.38
RMSE(N) X 3.09 222 1.33 0.54 0.68 0.27

Succ. rate(%) 9591 X 95.8 98.73  96.92 97.08 97.73
link2 ~ RMSE(cm) 1.50 X 1.70 1.14 1.18 0.88 0.88
RMSE(N) 3.62 X 4.00 2.52 1.36 0.88 0.68

o Succ. rate(%) 97.03 9542 X 94.07  98.69 98.04  98.21
é link3 ~ RMSE(cm) 1.37 1.33 X 1.91 1.03 0.97 0.80
3} RMSE(N) 2.68 3.59 X 4.18 1.63 1.37 0.91

[}
- Succ. rate(%)  97.17  96.75 96.04 X 93.39 95.02 9571
S link4  RMSE(cm) 0.89 0.85 1.41 X 1.82 1.71 1.32
7 RMSE(N) 1.33 1.69 3.85 X 3.83 2.82 1.79
—

Succ. rate(%) 9749  97.7 96.81 9191 X 96.36  97.17
link5 RMSE(cm) 1.01 1.06 1.18 1.49 X 1.42 0.89
RMSE(N) 0.76 1.05 232 3.77 X 3.44 1.91

Succ. rate(%)  96.85  94.74  96.54  92.00 91.53 X 94.05
link6 ~ RMSE(cm) 0.77 1.01 0.84 1.92 1.67 X 1.20
RMSE(N) 0.64 0.97 1.07 2.40 3.55 X 4.05

Succ. rate(%)  99.55 9882 99.61 9871 976l 9791 X
link7 RMSE(cm) 0.35 0.36 0.42 0.64 1.00 0.88 X
RMSE(N) 0.27 0.35 0.54 0.90 1.66 3.54 X

TABLE III
SIMULATION RESULT : DUAL-CONTACT CASE

B. Dual contact case

To simulate the dual-contact scenario, forces are sequen-
tially applied to the robot, with 0.1s time interval. The

Joint2

(a) (b)

Fig. 6. (a) A schematic diagram that shows a singular case under
dual-contact. Red and blue arrows will produce the very similar sensor
measurements. (b) A singular case for a 7-DOF robot.

algorithm run-time is, on average, 1.66ms and 11 steps are
required to converge (this value indicates the number of steps
after the second particle set is added). Therefore, the MCP-
EP estimates the second contact in 18.26ms on average after
the second force is applied.

As shown in Table I, the overall success rate is 96.70%.
In our analysis, most of the failure cases fall into one of the
following two categories. For the first category, one contact
is successfully estimated, but the other contact falls into the
singularity presented in Fig. 5. For the second category, the
MCP-EP algorithm converges to a wrong estimate which
still explains sensor measurements fairly well (hence local
minima). In fact, since the first category is rare as discussed
previously, most of failures are of the second category. Fig. 6
shows an example of the second category. Since the red and
blue arrows may result in very similar sensor measurements
(although they do not result in exactly the same values),
MCP-EP algorithm may converge to a wrong one.

From the above observation, the success rate of 96.70%
seems a fairly plausible value, as the dual-contact case has
a higher chance of being singular. Moreover, in Table III,
we can find a tendency that, as the first and second contact
links are farther, the success rate increases. This is intuitively
acceptable, because, with rich sensory information between
two contact points, the algorithm is less likely to fall into
the singularity. We also remark that, when the first contact
is made on the link 7, which would be one of the most
common scenarios in practice, the success rate is 98.70% on
average.

V. CONCLUSION

In this work, we propose an algorithm called MCP-EP
(Multi-Contact Particle Filter with Exploration Particles) to
solve a multi-contact point localization and force identifi-
cation problem. In the proposed algorithm, the use of the
base F/T sensor enables to estimate multi contacts with little
singularity. In validation, we presented estimation of three
contacts for a 7-DOF robot (up to one contact per link). The
proposed algorithm, in addition, improves the run-time using
a proper mesh preprocessing, in which distance information
for all face pairs are precomputed. The preprocessed data,
however is valid only within a link, and consequently, parti-
cles are not updated across links through the motion model
of the PF. This is overcome by modifying the PF algorithm
with the concept of exploration particles that are forced to
investigate adjacent links. Simulation studies are presented
to show the effectiveness of the proposed algorithm.

12104



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

REFERENCES

D. M. Ebert and D. D. Henrich, “Safe human-robot-cooperation:
Image-based collision detection for industrial robots,” in IEEE/RSJ
international conference on intelligent robots and systems, vol. 2,
2002, pp. 1826-1831.

S. Kuhn and D. Henrich, “Fast vision-based minimum distance de-
termination between known and unkown objects,” in 2007 IEEE/RSJ
International Conference on Intelligent Robots and Systems, pp. 2186—
2191.

K. Kim and M. J. Kim, “A reachability tree-based algorithm for robot
task and motion planning,” in 2023 IEEE International Conference on
Robotics and Automation (ICRA).

M. J. Kim, W. Lee, J. Y. Choi, G. Chung, K.-L. Han, I. S. Choi, C. Ott,
and W. K. Chung, “A passivity-based nonlinear admittance control
with application to powered upper-limb control under unknown en-
vironmental interactions,” IEEE/ASME Transactions on Mechatronics,
vol. 24, no. 4, pp. 1473-1484, 2019.

M. J. Kim, W. Lee, C. Ott, and W. K. Chung, “A passivity-based
admittance control design using feedback interconnections,” in 2016
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), pp. 801-807.

A. De Luca, A. Albu-Schaffer, S. Haddadin, and G. Hirzinger,
“Collision detection and safe reaction with the dlr-iii lightweight
manipulator arm,” in 2006 IEEE/RSJ International Conference on
Intelligent Robots and Systems, pp. 1623-1630.

M. J. Kim, Y. J. Park, and W. K. Chung, “Design of a momentum-
based disturbance observer for rigid and flexible joint robots,” Intelli-
gent Service Robotics, vol. 8, pp. 57-65, 2015.

Y. J. Heo, D. Kim, W. Lee, H. Kim, J. Park, and W. K. Chung,
“Collision detection for industrial collaborative robots: A deep learning
approach,” IEEE Robotics and Automation Letters, vol. 4, no. 2, pp.
740-746, 2019.

S. A. B. Birjandi, J. Kiihn, and S. Haddadin, “Observer-extended
direct method for collision monitoring in robot manipulators using
proprioception and imu sensing,” IEEE Robotics and Automation
Letters, vol. 5, no. 2, pp. 954-961, 2020.

D. Kim, D. Lim, and J. Park, “Transferable collision detection learn-
ing for collaborative manipulator using versatile modularized neural
network,” IEEE Transactions on Robotics, 2021.

K. M. Park, Y. Park, S. Yoon, and F. C. Park, “Collision detection for
robot manipulators using unsupervised anomaly detection algorithms,”
IEEE/ASME Transactions on Mechatronics, 2021.

J. M. Gandarias, A. J. Garcia-Cerezo, and J. M. Gomez-de Gabriel,
“Cnn-based methods for object recognition with high-resolution tactile
sensors,” IEEE Sensors Journal, vol. 19, no. 16, pp. 6872-6882, 2019.
J. Liang, J. Wu, H. Huang, W. Xu, B. Li, and F. Xi, “Soft sensitive
skin for safety control of a nursing robot using proximity and tactile
sensors,” IEEE Sensors Journal, vol. 20, no. 7, pp. 3822-3830, 2020.
A. Zwiener, C. Geckeler, and A. Zell, “Contact point localization
for articulated manipulators with proprioceptive sensors and machine
learning,” in 2018 IEEE International Conference on Robotics and
Automation (ICRA), pp. 323-329.

S. Haddadin, A. De Luca, and A. Albu-Schiffer, “Robot collisions: A
survey on detection, isolation, and identification,” IEEE Transactions
on Robotics, vol. 33, no. 6, pp. 1292-1312, 2017.

G. Buondonno and A. De Luca, “Combining real and virtual sensors
for measuring interaction forces and moments acting on a robot,” in
2016 IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS), pp. 794-800.

M. Iskandar, O. Eiberger, A. Albu-Schiffer, A. De Luca, and A. Diet-
rich, “Collision detection, identification, and localization on the dIr
sara robot with sensing redundancy,” in 2021 IEEE International
Conference on Robotics and Automation (ICRA), pp. 3111-3117.

T. Pang, J. Umenberger, and R. Tedrake, “Identifying external con-
tacts from joint torque measurements on serial robotic arms and its
limitations,” in 2021 IEEE International Conference on Robotics and
Automation (ICRA), pp. 6476-6482.

D. Popov, A. Klimchik, and A. Pashkevich, “Real-time estimation of
multiple potential contact locations and forces,” IEEE Robotics and
Automation Letters, vol. 6, no. 4, pp. 7025-7032, 2021.

L. Manuelli and R. Tedrake, “Localizing external contact using pro-
prioceptive sensors: The contact particle filter,” in 2016 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS),
pp. 5062-5069.

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

12105

A. Zwiener, R. Hanten, C. Schulz, and A. Zell, “Armcl: Arm contact
point localization via monte carlo localization,” in 2019 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS),
pp. 7105-7111.

J. Bimbo, C. Pacchierotti, N. G. Tsagarakis, and D. Prattichizzo,
“Collision detection and isolation on a robot using joint torque
sensing,” in 2019 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pp. 7604-7609.

D. Popov and A. Klimchik, “Real-time external contact force es-
timation and localization for collaborative robot,” in 2019 IEEE
International Conference on Mechatronics (ICM), vol. 1, pp. 646-651.
N. Likar and L. Zlajpah, “External joint torque-based estimation
of contact information,” International Journal of Advanced Robotic
Systems, vol. 11, no. 7, p. 107, 2014.

S. Haddadin, A. Albu-Schaffer, A. De Luca, and G. Hirzinger,
“Collision detection and reaction: A contribution to safe physical
human-robot interaction,” in 2008 IEEE/RSJ International Conference
on Intelligent Robots and Systems, pp. 3356-3363.

R. Hess, Blender Foundations: The Essential Guide to Learning
Blender 2.6. Focal Press, 2010.

D.-M. Yan, B. Lévy, Y. Liu, E. Sun, and W. Wang, “Isotropic remesh-
ing with fast and exact computation of restricted voronoi diagram,”
in Computer graphics forum, vol. 28, no. 5.  Wiley Online Library,
2009, pp. 1445-1454.

A. Jacobson et al., “gptoolbox: Geometry processing toolbox,” 2021,
http://github.com/alecjacobson/gptoolbox.

E. Todorov, T. Erez, and Y. Tassa, “Mujoco: A physics engine for
model-based control,” in 2012 IEEE/RSJ International Conference on
Intelligent Robots and Systems, pp. 5026-5033.

A. G. Pandala, Y. Ding, and H.-W. Park, “qpswift: A real-time sparse
quadratic program solver for robotic applications,” IEEE Robotics and
Automation Letters, vol. 4, no. 4, pp. 3355-3362, 2019.



