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Surface Following using Direct Adaptive Admittance Control

Inigo Iturrate, Emil Lykke Diget and Christoffer Sloth

Abstract— Many robotic tasks, such as polishing or grinding,
involve maintaining contact with and applying a force against
the environment while following a given trajectory. In this paper,
we present an adaptive admittance controller that aligns its
control parameters online to be in the direction of an estimate
of the surface normal vector. This essentially allows a robot to
follow an unknown surface, as is the case in uncalibrated setups
or quick changeover production. We present and compare three
different surface normal estimation algorithms: the integral
adaptive law and two Riemannian manifold based algorithms.

Our experimental results show that the adaptive controller
using the simple Riemannian gradient descent yields the lowest
tracking error of the three. It has 73 % decrease in positional
error and 43 % decrease in angular error compared with the
controller with the integral adaptive law, and overall is effective
at aligning the robot tool online against surface moving in an a
priori unknown pattern.

I. INTRODUCTION

As the demand for low-volume production increases, there
is a need for robots that are can be rapidly reprogrammed.
One approach to rapid robot programming is kineasthetic
teaching, which is a no-code programming approach that lets
non-programmers setup robots by simply grabbing them and
moving them to a position or through a path. Many rapid
reprogramming approaches, including kineasthetic teaching,
do not rely on a-priori knowledge about the geometry of
objects to be manipulated. Therefore, there is a need for robot
control that allows interaction with objects having unknown
geometry. This type of controllers often rely on online contact
point and surface normal estimation.

Surface normal estimation has been studied in various
contexts within robotics. In [1], contact point and surface
normal estimation was used in the context of using uncal-
ibrated tools; that work was generalized in [2] to consider
a soft finger contact model that includes torsional friction.
Both methods rely on constant parameter estimation using
an integral adaptive law [3]. If sensors that provide local
surface geometry of an objects in terms of a contact patch are
available, then object pose estimation is possible based on the
contact information [4]. In applications such as a gluing task,
as studied in [5], [6], the curvature of the environment can
be unknown and it has to be estimated using e.g., a surface
normal estimator using tactile measurements.

Much work has been conducted on adaptive admittance
control in different contexts. In [7], an adaptive admittance
control was proposed for human-robot interaction. A PD-
controller and indirect adaptive update strategy was proposed
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Fig. 1. The robot in contact with the environment.

to improve the force tracking accuracy. Similarly, [8] proposed
an online indirect adaptive update strategy to achieve a good
force tracking in steady state. In [9], an adaptive neural con-
troller was proposed to guarantee trajectory tracking. Safety
plays an important role in robot-environment interaction; thus,
[10] used exponential control barrier functions to ensure the
safety of an admittance control.

In this paper, direct adaptive control, whereby estimated
parameters are used directly in the controller, will be used
for the proposed adaptive admittance control. For this class
of adaptive controllers, the convergence properties of the
utilized parameter estimator are pivotal for the overall system
performance. Numerous parameter estimators have been
proposed with different properties [3]. Recently, dynamic
regressor extension and mixing (DREM) was proposed in
[11] to improve and decouple the convergence of param-
eter estimates. Also, parameter estimation with geometric
constraints has been considered to improve the parameter
estimation algorithms [12].

In this paper, an adaptive admittance controller is proposed
that allows robots to follow the surface of an object with
unknown geometry. The controller uses measurements of
motion and force to estimate the surface normal of the
object; this is used for adapting the controller parameters and
reference trajectories. Fast convergence of the surface normal
estimate is pivotal for obtaining good surface following.
Therefore, an estimation algorithm based on Riemannian
gradient descent is proposed, and it shown to be superior to
the standard method using the integral adaptive law.

The paper is organized as follows. An overview of
the system is provided in Section II. Section III provides
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Fig. 2. Block diagram of the positional part of the control scheme for
online alignment to unknown surfaces. The angular part is similar.

background on parameter estimation. The proposed adaptive
control is presented in Section IV. An experiment where the
proposed method for robotic surface treatment is applied to a
moving surface is presented in Section V. Lastly, conclusions
are presented in Section VI

II. SYSTEM OVERVIEW

Here, we will present an overview of the paper. On Fig. 1,
a diagram of the interaction between the robot and the
environment can be seen. The tool with the tip described
by “r is in contact with a stiff environment. The robot is
controlled to move around on the surface with a velocity
P and a rotational velocity w. The normal direction of the
surface is n. and its estimate is 7.

An overview of the control scheme can be seen on
Fig. 2. The normal estimator estimates the surface normal
based on measurements of the velocity, and is described
in Section IIl. Then, the adaptive admittance controller,
described in Section IV, uses the estimated normal vector
together with a desired force f; and a desired pose, described
by a position pg and a rotation R4, to compute the contact
pose pe, Re.

III. SURFACE NORMAL ESTIMATION

In this section, we present three methods for estimating
the surface normal. A diagram of the system can be seen on
Fig. 1 and forms the basis of the system model described
here.

Assume that the tool tip of a robot is in contact with the
environment at all times, then the following condition is true:

nipe =0, e))

where n. € R3 is the surface normal vector, and p, is the
velocity of the contact point, which is given by

De = Pe + S(W)Reera 2)

where p. € R? is the end-effector velocity, R, € R3%3 is the
orthonormal rotation matrix from base frame to end-effector
frame, “r is the contact-point in the end-effector frame, and
S is the skew-symmetric operator defined as

0 —Ws3 %)
S(w) = Wws 0 —Ww1 | - (3)
—Wwy Wi 0

The first method uses the integral adaptive law to estimate
the surface normal, and is a summary of the methodology of

[13], [14]. Then, the two remaining methods are based on
optimisation on a Riemannian manifold. The normal vector is
a unit vector, which is a point on the 2-sphere embedded in
R3. The first is called Riemannian gradient descent, and the
next is Riemannian gradient descent with regressor extension.

A. Integral Adaptive Law with Sphere Projection

In [13], [14] the integral adaptive law [3] was used to
estimate the parameter n. as follows:

fie(t) = —yP(Re(t)) L) (t) )

. 1
L =—-BL .c I ) L =Y,
07 B O 00

where P(v) = Is — vvT is a projection matrix that ensures
that v is a unit vector, I3 is the 3 x 3 identity matrix, and
~, B > 0 are controller gains. While this formulation has the
projection matrix P to keep the normal vector at unity length,
i.e., as a point on a 2-sphere embedded in R3. Alternatively
to the projection matrix, the normal vector can be considered
a point on the Riemannian manifold of 2-spheres, and a
estimator can be formulated using Riemannian operators.

B. Riemannian Gradient Descent

To avoid the necessity of projecting the normal vector
down to the sphere explicitly a, perhaps more elegant, way
is to consider it as a point on the Riemannian manifold of
2-spheres as defined by

S?2 weR3: v =1} (6)

A smooth d-dimensional manifold M is a topological
space that locally behaves as the Euclidean space R?. There
exists a tangent space 7,M for each point p € M that
locally linearises the manifold. A Riemannian manifold has a
positive definite metric tensor, also called the inner product,
on each tangent space 7,M denoted as (-, ), also known as
the Riemannian metric [15].

It is possible to map between the manifold and its tangent
space. The exponential map Exp,, : 7, M — M maps a point
u in the tangent space to a point on the manifold. The inverse
map is called the logarithmic map Log,, : M — T, M [15].

In Euclidean space, the exponential map is Exp,(v) =
q = p + v, and the logarithm map is Log,(q) = v =q —p.
The definitions of these maps can easily be looked up for the
applied manifold, e.g., in a software library such as manopt
[16].

Then, consider the condition of the normal vector (1), and
define the Euclidean quadratic cost function as

= 1
f (e = 5 1lpe]®, ™

which can be minimised by a gradient-based parameter
estimator [17], i.e., taking a step in the negative direction of
the gradient with respect to 7.. The Euclidean gradient is
then:

grad f (f.) = (Alpe)pl. ®)
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Though, when optimising on a Riemannian manifold, the
gradient is defined as:

Definition 1 (Definition 3.58 in [15]). Let f : M — R
be smooth on a Riemannian manifold M. The Riemannian
gradient of f is the vector field grad f on M uniquely defined
by

Df(x)[v] = (v, grad f ()

where D f(x) is the directional derivative of f(x) along v.

V(z,v) € M, (9

Inspired by the gradient descent in Euclidean space, the
Riemannian gradient descent (RGD) for optimising on the
manifold is considered [18]:

elt) = Bxpy ooy (— 1 Tograd (i) ), (10)
discretized using an Euler step with time-step 75, v > 0
is a tuning parameter, and grad f(ric) : M — T4,y M is
the Riemannian gradient, which, in the case of a spherical
Riemannian manifold is defined as [15]

grad f(fc) = grad f(c) — (A grad f(fc)) fie. (1)

An implementation of the general Riemannian gra-

dient descent was implemented in the C++-library

sdu_estimators!.

C. Riemannian Gradient Descent with Regressor Extension

To improve the convergence properties of gradient esti-
mators, it was proposed in [19] to apply a L, operator H
filter the linear regression equation as follows. Applied to the
problem of surface normal estimation, it is

P(t) = H[p(t)] € R, (12)
resulting in the filtered equation
0
PT(t)n.(t) +e(t) = |0, (13)
0

where ¢ is a filtering error that is related to the derivative of
the parameter n.. The rest of the procedure is in the same
fashion as in with standard Riemannian gradient descent, i.e.,
by defining the quadratic cost function

- 1
flne) = 5 [Pl (14)
with the Euclidean gradient:
grad f(n.) = P(PTn,), (15)

from which the Riemannian gradient and the subsequent
parameter estimate can be estimated in the same fashion as
in the prior section.

Ihttps://github.com/SDU-Robotics/sdu_estimators

Algorithm 1 Align z-axis orientation to surface normal

Require: normal estimate n., initial rotation matrix Ryt
Ensure: aligned rotation matrix Rajigned
1: procedure ALIGNZTOVECTOR(n:, Ryef)

2: Zod ¢ Rrer[:, 1] > Select z-axis of rotation matrix
3 Yold < Reef[:,2] > Select y-axis of rotation matrix
4: Znew — N > Align z-axis with surface normal
5 Znew — normalize (Yoig X Znew) > Calculate shortest

rotation

6: Ynew < normalize (Zpew X Tnew)
7: Raligned <~ [xnew Ynew Znew}
8: return Rjigned

IV. CONTROL

This section will describe the adaptive control scheme for
online alignment to unknown surfaces. A block diagram of the
system can be seen in Fig. 2. The basis for the system is an
adaptive controller consisting of an admittance controller with
a feedforward force and a normal estimator. The adaptation
law automatically handles alignment of the robot tool tip to
a surface of unknown curvature that it is assumed to be in
contact with, while simultaneously ensuring the gain matrices
of the admittance controller are rotated accordingly.

The admittance controller in Fig. 2 is implemented after
[20] as follows:

My + Dyie + Kpze = fo, (16)

where M, D,, € R3*3 are positive definite matrices describ-
ing the virtual mass and damping of the robot end-effector,
and K, € R3*3 is its stiffness, which is positive semi-definite.
The term z. € R3 is defined as z. = x. — =4, Where .,
the compliant frame, corresponds to the position of the robot
end-effector, and x4, the desired frame, is a controller input.
The force error, f, € R3 is defined as f. = fq — f., where
fc is the measured force at the compliant frame, and fy
is a desired feedforward force that the robot should apply
against the environment. An analogous version of Eq. 16 is
implemented using quaternions for control of the orientation,
see [21].

In order to both align the robot end-effector to the
target unknown surface, as well as to ensure that the target
feedforward force, fy, is applied in the correct direction,
the target robot orientation is updated online according to
Algorithm 1, and the controller gain parameters, M, D,, K,
are modulated online according to Algorithm 2. In both cases,
it is assumed, without loss of generality, that the robot tool
contacts the environment in the direction of its z-axis.

V. EXPERIMENT

In this section, the presented adaptive control algorithm is
tested in an experiment and compared with the prior method
using the integral adaptive law [13]. The experimental setup
can be seen in Fig. 3, where one robot is holding a plate
such that the true normal vector is known, and the other
robot is running the adaptive control algorithm to follow the
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Algorithm 2 Align gain matrix to surface normal

Require: normal estimate n., gain value in unconstrained

subspace ke, gain value in constrained subspace Kcongact
Ensure: aligned gain matrix Kjjigned

1: procedure ALIGNGAINMATRIXTOVECTOR(7¢, Kfree,

kCOI‘llaCl)

2: O, < null (n.) > Compute null-space of n,
3: Kaligned < zeros (3, 3)

4 for i =1,2 do

5: P On, - 0p

6:

Kaligned < Kaligned +p- kfree > ASSign kfree to

null-space directions

]

P+ ozc - Op,

K aligned +— K. aligned + p- kcontact
constrained direction
9: return Kaligned

®

> Assign Kcontact tO

Fig. 3.
rotating the plane, and the robot on the left is moving circularly while
controlling its z-axis towards the estimated surface normal.

The experimental setup. The robot on the right is holding and

normal vector. With this setup we can easily compare the
true surface normal vector with the estimated one. Note that
this is done purely for the sake of the experiment, and the
proposed method is valid for an arbitrary unknown curved
surface.

We compare the same adaptive control algorithm with
different surface normal estimation algorithms. We compare
the integral adaptive law (IAL) (4), the Riemannian gradient
descent with a quadratic cost function (RGD) (10), and the
Riemannian gradient descent with regressor extension (RGD-
RE) (15). Here we use the Kreisselmeier regressor extension
[22], hence the abbreviation. The KRE is simple to implement,
as it only has one coefficient a, and it preserves the system
excitaion from ¢ to A [23]. The gains and coefficients of
the three surface normal estimation algorithms can be found
in Table I. Note that the values of the parameters are not
directly comparable for different estimators.

The robot is instructed to move in a circular pattern on the
surface of the plate for 60 seconds, as can be seen on Fig. 3
and, for illustrative purposes on Fig. 4. The robot holding the

TABLE I
THE PARAMETERS OF THE ESTIMATION ALGORITHMS.

Parameter Value
IAL ¥ 1
Jo] 0.8
RGD 0 250
RGD-RE ~ 1000000
a 5
TABLE 11

PARAMETERS OF THE CONTROLLER DURING THE EXPERIMENT.

Position Orientation
Parameter  Value  Parameter  Value
kp,free 270 ko,free 50
kp,contact 0 Ko, contact 50
dp,free 500 do,free 150
dp,comact 225 do contact 100
Mp free 2.5 Mo free 0.25
TMp,contact 2.5 Mo, contact 0.25

plate is following a sinusoidal signal with an amplitude of
m/12rad and a frequency of 1/(4m) Hz. The controlled robot
follows a circle with a radius of 50 mm with a frequency
of 0.05 Hz. The end-effector velocity is used to estimate the
normal vector using the mentioned algorithms and the robot
is controlled as described in Section IV with the parameters
found in Table II.

The results of an experiment can be seen on Fig. 6 and
Fig. 7, where the angular and the positional error, respectively,
for the first 20 seconds can be seen.

The angular error is calculated as the Riemannian distance
between the estimated normal vector and the true one and
the unit is in degrees. The position error is the Euclidean
distance of the actual and desired position projected into the
plane it moves on, see Fig. 5, while the position in the world
frame can be seen on Fig. 4. Both for angular and positional
error, the standard RGD has the smallest error, where the
numbers can be seen in Table III.

The RGD has a positional error of (2.53 £+ 2.97) mm
which is lower than both IAL and RGD-RE. Curiosly enough,
RGD-RE has the biggest positional error (14.20 + 9.16) mm
compared with TAL with (9.42 £+ 6.00) mm. RGD and
RGD-RE both have low angular error with (3.11 & 1.56)°

TABLE III
THE MEAN AND THE STANDARD DEVIATION OF THE ERROR FOR THE
POSITIONAL AND THE ANGULAR TRACKING OF THE CONTROLLER WITH A
GIVEN SURFACE NORMAL ESTIMATOR. IT CAN BE SEEN, THAT THE
RIEMANNIAN GRADIENT DESCENT WITHOUT REGRESSOR EXTENSION
PROVIDES THE TRACKING WITH THE SMALLEST ERROR.

Estimator ~ Pos. err. (u 4+ o) [mm]  Angl. err. (% 0) [°]
IAL 9.42+6.00 5.47 +£2.60
RGD 2.53+2.97 3.11 +1.56
RGD-RE 14.20+9.16 343+1.77

1457



0.37 —
El
0.36 «
0.35
—0.52
—0.54
—0.06 —0.56
70'0110.0% —0.58 \40\
-00002 —0.60
Z'/In/ 0.04

Fig. 4. The position trajectory of the first 10 s of the experiment using the
Riemannian gradient descent estimator. The position of the tool tip in world
frame. The green dot is the initial position, and the red cross is the position
after 10s.
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Fig. 5. The position trajectory of the first 10 s of the experiment using the
Riemannian gradient descent estimator. The position of the tool tip projected
into the plane. The green dot is the initial position, and the red cross is the
position after 10s.

and (3.43 + 1.77)°, respectively, compared with TAL with
(5.47 £ 2.60)°.

It can be seen that by using the RGD-based estimator
instead of the IAL-based estimator, performance is increased
in both the positional as well as the angular error. For this
experiment, we see a 73 % decrease in position error, and
a 43 % decrease in angular error. This is to be expected, as
the RGD-based estimator computes the parameter update
in a lower-dimensional manifold, which should lead to
faster convergence. However, the RGD-based estimator with
regressor extension has a large positional error compared
with the other two. This requires further research.

VI. CONCLUSION

We presented an adaptive admittance controller that is
capable of aligning to the estimated normal direction of
an unknown surface. We presented three different surface
normal estimation algorithms; the integral adaptive law and
two Riemannian manifold based algorithms. The first is

Riemannian gradient descent with a quadratic cost function.

The second is the same but with regressor extension of the
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Fig. 6. Angular error. The TAL-based controller has clearly the highest
angular error.
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Fig. 7. Position error. The RGD-based controller has the smallest positional
error.

regression equation.

From an experiment, we found that the adaptive controller
using the standard Riemannian gradient descent yields the best
performance of the three. It has 73 % decrease in positional
error and 43 % decrease in angular error compared with the
controller with the integral adaptive law. We also find that the
controller with Riemannian gradient descent with regressor
extension yields the highest positional error, probably due
to filtering artefacts. This should be investigated as part of
future research.
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