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Abstract— The ability to manipulate objects is the primary
purpose of any robotic hand. However, when executing a grasp,
the object and fingers rarely move exactly as planned. These
unobserved deviations in the pose of the object or the contact
configuration can make it impossible to solve a given task.

In this paper, we presents a new approach to estimate the
state of the grasp using only position and torque measurements
from the joints of the hand. Based on the popular extended
Kalman filter framework, the algorithm estimates the pose
of the manipulated object, as well as the contact forces and
positions on the surface of the object. It is able to reliably
detect new and the loss of contacts and to incorporate this
information in the estimation filter. The validity of this new
method is shown in different grasp and manipulation tasks
using David, a humanoid platform of DLR.

I. INTRODUCTION

Technological advancements in the last few decades al-
lowed the design and development of robotic manipulators
to mature from simple grippers to anthropomorphic hands,
like the one of DLR robot David (Fig. 1, left) [1]. While the
mechanical capabilities of these hands have almost caught
up with those of humans, the intelligence when it comes to
grasping and manipulation still leaves much to be desired.

One of the main problems, which makes complex tasks
like in-hand manipulation so challenging, is the lack of
reliable information about the state of the object after the
grasp acquisition. In real world scenarios, the actual grasp of
an object differs from the planed one at least to some degree
for many reason. Errors in the position of the object or the
hand, inaccuracies in the planning model or deviations in the
motion of the fingers may all lead to a different equilibrium
pose of the object, than was anticipated. Even the real contact
configuration of the grasp may be unknown at this point, if
one of the fingers slid on the object in an unforeseen way
and lost contact. Although the object may still be grasped
in a stable configuration, subsequent tasks may fail because
of wrong assumptions about the pose of the object and the
configuration of the grasp. Imagine the difficulty of writing
with a pen or tightening a screw with a screwdriver without
knowing the exact position of these tools or how they are
being held by your hand. A bottle that has been picked up
may tip over when placed again because it moved during the
grasp.

Usually, robotic applications rely on the use of visual
localization techniques to determine the pose of an object
[2]. However, after grasping the object, these approaches

may be hindered by occlusions of the object by the fingers.
In [3], an integrate grasping simulator and real-time visual
tracking system was proposed that, after planning a grasp,
visually monitors its execution. In [4], a Monte Carlo filter
was applied to solve 3D global localization problems with
force controlled robots. However, their approach suffered
from high computational requirements in the context of the
Markov localization. Tactile data was the basis of another
Bayesian estimation technique in [5].

The problem of localizing both the pose and the shape
of an object is considered in [6], [7], using particle filtering
and tactile sensing. [8] presented an algorithm that locally
estimates the pose of a manipulated object from contact
information and a geometric description of the object. After
pre-computing characteristics relations between the object
and the fingers offline, tactile measurements are used online
to find the best match in the database. [9], [10] addressed
the problem of learning to predict the interactions of rigid
bodies in a probabilistic framework. [11] evaluated different
contact models in their ability to predict object motion
during simple manipulation tasks. In comparison, contact
modeling based on Coulombs friction and maximum energy
principle performed best, but was still unable to make
accurate predictions. In contrast to this and other recent
work on dynamic state estimation [12]-[14], our method is

Fig. 1.
Right: 3D representation of the grasp environment.

Left: Inhand manipulation of a brush with the DLR robot David.



based primarily on kinematic contact models. Previously, we
proposed a localization method based on a particle filter that
used kinematic data and tactile sensing to online estimate the
object pose [15].

The method that is proposed in this paper aims to solve
the localization problem of a manipulated object without
requiring additional specialized sensing hardware like ar-
tificial skin or contact sensors. Using only position and
torque measurement of the fingers, this approach is directly
applicable to a wide range of robotic hand systems, for
example any of the torque controlled manipulators of the
German Aerospace Center (David, DLR Hand II, HIT Hand,
DEXHAND). Additionally, by utilizing an extended Kalman
filter (EKF), the presented algorithm is able to explicitly
account for any uncertainties in the measurements and the
state of the localization. Using this approach, our method
not only works for fingertip grasps, but also for other
constraint grasps. Although extremely common in many
robotic applications, these grasps often pose problems for
other approaches because they are highly over-constraint (i.e.
power grasps).

While this paper illustrates the core concept of a state
estimation from joint measurement, it also introduces a
flexible design that allows the integration of additional sen-
sor information or the estimation of other quantities, like
measurement biases. Future work will focus on extending
the capabilities of the localization and making use of more
measurements (i.e. visual data), whenever available.

Section II of the paper, will give a brief description of the
problem and define any assumptions the method is based
on. Section III focuses on the design of the estimation
filter that tracks the state of the grasp. In section IV, we
explain how new and the loss of contacts is detected and
incorporated into the filter. Section V describes experiments
that were conducted to validate the approach and presents
the results. Finally, section VI summarizes the findings and
gives concluding remarks.

II. PROBLEM DESCRIPTION

The problem of localizing a grasped object is not well
defined in and of itself. It greatly depends on the available
data and information. But also on the intended use of the
localization results. Therefore, this first section aims to define
the problem, as it is approached in this paper.

Generally speaking, the purpose of the presented algorithm
is to provide the necessary information about the state of the
object and the grasp in order to enable subsequent tasks.
Specifically, this means that in a pick and place scenario,
the object has to be localized w.r.t the palm, in order to
properly plan the motion to the desired target position. In an
in-hand manipulation scenario, in addition to the pose of the
object, the contact configuration between the object and the
hand has to be determined to plan the following motions.
Moreover, the algorithm is required to be able to incorporate
new measurements online and provide a current best estimate
of the grasp state and configuration at all times.
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Fig. 2. Tllustration of the grasp of an object with two fingers.

The proposed algorithm is dividing and solving the prob-
lem in two steps, each individually described in the subse-
quent two sections:

1) Estimation of the state of the grasp, i.e. the pose of
the object w.r.t. the palm and the contact positions and
forces

2) Detection of new or loss of contacts between the object
and the fingers

To solve these problems, the algorithm relies on the
assumption that the following information and measurements
are available:

o (Inaccurate) measurements of the joints positions and
torques of the fingers

o (Inaccurate) initial pose of the object at the start of the
grasp acquisition (e.g. from vision system)

o The object is rigid and of known geometry (3D mesh
available)

o All parts of the hand are rigid and of known geometry
(3D meshes available)

Fig. 1 shows the grasp of an object and the respective
3D representation as an example of a possible localization
problem and the information that is available to solve it.

III. ESTIMATION OF THE GRASP STATE

This section describes the EKF as it is used for this
problem. The first part defines the most important quantities
and vectors. The second part focuses on the design of the
filter.

Definitions

Fig. 2 illustrates the main quantities of an object that
is manipulated by a robotic hand. The pose x € RS of
the object is described by the translation and rotation of
an object fixed frame {O} w.rt. a palm fixed frame {P}.
The primary purpose of any object localization algorithm is
the determination of x. However, the grasp of the object
is also described by the contacts between the object and



the fingers. A contact of index ¢ is defined by its position

cl1(¢l) € R3, where £l € R? is the position on the surface
of the object [16], as well as a scalar force f il in the direction
of the surface normal n!¥. Therefore, the current state of the
estimation y € R+3" is described by the pose of the object
and a set of contact positions and forces at time ¢ € R:

yt:{xh t[1]7"'7§t[5n]7 t[l]aﬂft[n]} (1)

where n € N is the number of contacts. The measurement
vector z € R?™ contains the set of all joint positions ¢ € R™
and torques 7 € R™:

a={a" . oa )

where m € N is the number of joints. Lastly, the control
vector u € R™ shall be given by the joint velocities of the
fingers ¢ € R™:

wp = 1", ™y 3)
EKF design

The state, measurement and control vectors are utilized in
the EKF framework, which assumes that the state at time ¢
can be described as [17]:

Y = f(ye—1,ue) + wy €]

with f being the motion model and w,; being additive,
zero mean Gaussian motion disturbances. Similarly, mea-
surements are described as:

2z = h(y) + vy )

with h being the measurement model and v; being additive,
zero mean Gaussian measurement disturbances. In order to
estimate the state and uncertainty of the object, the motion
model and measurement model of the system are required.
These models are based on digital representation of the
kinematics and geometry of the hand and the object, which
are then locally linearized at each step for the EKF. The main
contribution of the proposed algorithm lies in the formulation
of these differentiable models that allow for an application
of the EKF to this highly nonlinear problem.

The motion model f is utilizing the grasp matrix G €
R6*37 and hand Jacobian J € R3"*™ for hard-finger
contacts as defined in [18] to predict the motion of the object
from the motion of the joints:

(6)

Gt Jus At
fe—1,u) = ye—1 + ( od )
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where At is the time between two steps and G the pseudo-
inverse of GG. The rest of the state vector remains unchanged.

Under this model, the prediction assumes that the contact
state, i.e. the contact positions and forces, does not change.
The rolling or slipping of contacts are considered as the
noise of the prediction. Using a more complex motion model
would be possible, i.e. to predict rolling contacts. However,
practically this more computationally expansive calculation
only marginally improves the prediction. In the context of

the complete filter, its effect is negligible and sufficiently
accounted for as noise.

The proposed measurement model h can be divided in a
joint position model h, and a joint torque model h,:

h (%))
h =1 7
(yt) (hr(yt) (7
hq is estimating the current joint positions by using the

Jacobian to minimize the displacement between the contacts
on the object ¢, and the contacts on the fingers cy:

hg(ye) = hg(ye—1) + J (cop — Cfu-1) (8)

where c[ ] is the position of contact ¢ on the object. Knowing
the geometry of the object, it can be calculated from x
and ft , which are part of state y,. Similarly, cgc]t 1> the
position of contact ¢ on the finger, can be calculated from
the previous estimate of the joint positions, hq(y:—1), and
the estimated position of the contact on the surface of the
finger link, fj[f’t_l € R2.

cil—

el = (@, /") )
ey = hglymr), € _0) (10)

§ 7.+ 1s recalculated in each step to minimize the difference
(4]

between the current contact normal on the object, n,,;, and
the previous one on the finger, ”Bf]t—r
o, oy iyl
e =2¢ ((=ngp) =npyy) (D

fit— 1 86[7,] i
f,t—l

Similarly to the contact positions, the contact normal ng]t i

calculated from x; and §t[i], and n[fi}t_l is calculated from

hg(yi—1) and 5%71.
h. is estimating the current joint torques:

he(y:) =

where )\; is the vector of the n contact forces /\Q”] € R3.
Using the point-contact-without-friction model [18], )\y]
force normal to the surface of the object:

S

ADW (12)

isa

AT =l g (13)

where ftm is the estimated contact force in ;.

Using these definitions, the mean of state y; and its
covariance P; can be recursively computed in two steps with
the EKF equations [19]. First, the prediction:

(14)
15)

Ty = f(ye—1,w)
P, =F_ 1P, F" +Q

where (J; is the covariance of the motion disturbance and:

Fy = o7 (16)

ay Yt—1,Ut



Fig. 3. Important quantities for the detection of new contacts: d; is the
positive smallest distance or negative deepest penetration between a finger
link and the object. f; is the magnitude of the normal contact force.

And second, the update:

Y =Ty + Ki(2z — W(7,)) (17)
P = (I - K.H,)P; (18)
with:
H; = %Z y (19)
K, = P,HL(HP,HT + R,) 20)

where R; is the covariance of the measurement disturbance.

The calculation of the first EKF step requires initial values
for the mean, ¥, and covariance, P, of the state. The initial
pose of the object was assumed to be available, e.g. provided
by a vision system. F is initialized to a diagonal matrix and
set to the assumed uncertainty in the initial pose.

Similarly, @); and R, are diagonal matrices representing
uncertainties in the motion and measurement model. While
@: has to account for errors from rolling or slipping con-
tacts, R; should be set to the expected inaccuracies of the
measurements of the joint positions and torques.

IV. DETERMINATION OF THE CONTACT CONFIGURATION

The previous chapter described how joint measurements
are incorporated to track the pose of the object, as well
as the contact positions and forces. So far, the algorithm
assumed a static grasp configuration, i.e. a constant number
of contacts. However, it is apparent that during the execution
of a grasp the number of contacts between the fingers and
the object is not constant at all. Starting from zero contacts,
as the hand approaches the object, one finger after another
will come in contact. Later, when the hand is opened and
the object is placed again, the fingers lose contact to the
object, eventually not touching it at all anymore. Therefore,
any in-hand object localization algorithm has to be able to
detect new or the loss of contacts, as well as incorporate this
information accordingly into the estimation. While the first
part of this section focuses on detecting new contacts and
adding them to the EKF, the second part describes the loss
and removal of them.

Detecting and adding new contacts

Before the execution of a grasp begins, no parts of the hand
are assumed to be in contact with the object. As the fingers

start moving, the distance between their links and the object
becomes smaller. As they touch, the fingers begin to apply a
force to the object, resulting in a measurable torque on the
joints of the fingers. Using the available measurements of
the joint torques and positions, as well as knowledge about
the initial pose of the object, new contacts can be detected.
Without inaccuracies, both a zero distance between a fin-
ger and the object, and non-zero torques applied to its joints
would indicate a contact. However, both properties have to
be inferred from non-accurate measurement. Therefore, this
paper proposes a heuristic based on the estimated distance
between a finger link and the object, and the scalar contact
force, to evaluate the state of the contact:
wj = Wi(dj, f;) 2D
where d; is the scalar distance between link j and the object,
f; is the scalar contact force and W is a heuristic function
to calculate a unit-less scalar weight w; to represent the
probability of having a contact between link j and the object.
If w; is bigger than a set threshold p, the link is assumed to
be in contact. The value of p; and the function for W; were
empirically chosen after evaluating the results of a number
of varying scenarios to work well for different objects and
and grasps:

(22)

Since f; and d; can not be measured directly, they have to
be calculated from the available measurements and data. Fig.
3 illustrates the most important quantities for the calculation.

To determine the smallest distance between two geometric
objects, a wide range of methods have been proposed in the
past. For this algorithm, a modified version of the Gilbert-
Johnson-Keerthi (GJK) distance algorithm was used [20],
[21]. Given the pose and geometry of two bodies, this version
of the GJK algorithm is able to return the smallest distance
between them, if they are not colliding. If the two bodies
are indeed in collision, the algorithm returns the negative
penetration depth. In addition to the distance or penetration
depth, the algorithm also returns the respective positions on
the surface of the two bodies.

The scalar contact force has to be inferred from the torque
measurement of the finger joints. However, this calculation
also requires the position of the contact on the finger. This
information is taken from the GJK algorithm, i.e. the point
of smallest distance or deepest penetration to the object,
respectively. The relation between the joint torques and
the contact forces is given by the hand Jacobian. Since
a scalar force value is required, the point-contact-without-
friction model is used for this calculation. That means, only
the normal component of the force vector is transmitted
through the contact. The scalar force can than be calculated
as follows:

fi= )T (23)



Fig. 4. Experimental setup for the evaluation of the estimation algorithm.
The pose of the object and the palm are tracked with the vision system
K610 from Nikon.

where J; is the partial hand Jacobian for a hard-finger contact
on link j, n; is the normal vector on the surface of the link
and 7 is the measured torque vector.

Once a new contact between a link and the object has
been detected, it has to be added to the estimation filter.
Specifically, the state vector y,, covariance matrix P; and
covariance of the motion disturbance ); have to be modified
to account for the additional contact:

Y = {‘Tt,fil},..., t[n]agt*vft[l}v"'aftn]vf:}

where £/ is the position of the new contact on the surface
of the object, as provided by the GJK algorithm and f;
is the scalar contact force f;. P, is extended with the
assumed initial uncertainty of the contact position and force
as diagonal elements of the matrix. Similarly, Q); has to be
enlarged to account for the motion disturbances effecting the
new contact.

(24)

Detecting loss of and removing contacts

During the manipulation and use of an object, contact to
some or even all fingers may be lost. This could be planned,
e.g. when putting down an object, or be accident, e.g. when
one finger slips off the object. In any case, to allow for the
correct estimation of the grasp configuration, these events
have to be detected correctly and the contacts have to be
removed from the filter. Physically, the loss of contact means
that there is a non-zero distance between the respective link
and the object, as well as a zero contact force.

The detection of the loss of contact between one finger link
and the object is realized similarly to that of new contacts, in
that the same heuristic is used to evaluate the contact state:

i
Vd;

However, instead of using the GJK algorithm and the raw
torque measurement to obtains f; and d;, the necessary
values are calculate from the state of the estimation filter, ;.
While f; can be taken directly from y;, d; can be calculate
from the estimated position of the contact on the object, c,,

(25)

w; =

Fig. 5. Power grasp of a ketchup bottle. The bottle tilts during the grasp,
potentially causing it to fall over when set down again.
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Fig. 6. Displacement in position (left) and orientation (right) of the grasped
ketchup bottle from ground truth (dashed, black line) and EKF estimation
(colored, solid line), including 3o uncertainty range (colored area). No
tracking would have assumed that there is O displacement.

and on the finger, cy. If w; gets smaller than an empirically
determined threshold p_ the contact to link j is removed
from the estimation.

Similar to adding contacts, the removal of one involves
adjusting y;, P; and Q;. In y;, the position and force of the
respective contact have to be removed from the vector. In P;
and (), the lines and rows that correspond to the uncertainties
of this contact have to be eliminated.

V. EXPERIMENTAL VALIDATION

The proposed algorithm was evaluated using the DLR
robot David. Fig. 4 illustrates the experimental setup of
one of the experiments. In order to evaluate the estimation
results, a ground truth of the object pose w.r.t. the palm of
the hand was required. For this purpose, the K610 visual
tracking system from Nikon was used. Marker plates, each
containing three tracking LEDs, were rigidly attached to the
object and the wrist of the hand. Measuring the 3D position
of all six LEDs allowed the calculation of the pose ground
truth. However, this system did not provide any reference for
the estimated contact positions or forces. A more elaborate
evaluation of the proposed method would therefore require
additional sensors. While that was not part of the experiments



Fig. 7. Fingertip grasp of a brush. The brush turns in the hand as the
contact forces are physically balanced between all five fingers.
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Fig. 8. Displacement in position (left) and orientation (right) of the grasped
brush from ground truth (dashed, black line) and EKF estimation (colored,
solid line), including 3o uncertainty range (colored area). No tracking would
have assumed that there is O displacement.

for this publication, future work could expand on these
shortcomings with a more complete validation setup.

The measurements from the visual tracking system were
also used to provide an initial pose of the object to the
localization algorithm. During manipulation, only the torque
and position measurements of the fingers were accessible to
the estimation and processed with a At of 50 ms.

The main purpose of the presented experiments was to
validate the algorithm, demonstrating its ability to estimate
a feasible object pose that satisfies all constraints given by
the measurements. This section describes the three scenarios
that were evaluated and illustrates their results.

Exp. 1: Power grasp

The first experiment was a power grasp of a ketchup
bottle. In practice, executing a grasp like that rarely fails.
That means, even without perfect knowledge of the scene or
precise planning of the finger motions, the bottle usually
ends up tightly grasped inside the hand. However, these
inaccuracies may cause the object to move during the grasp,
for example tilt w.r.t. to the table. This motion, if not
accounted for, may then cause the bottle to fall over, when
it is later placed on the table and released again. Fig. 5

illustrates this scenario, showing the ketchup bottle before
and after grasping.

Using the position and torque measurements from the
joints, the motion of the bottle is estimated. Fig. 6 shows
the estimated pose of the object compared to the ground
truth from the tracking system. These results show both the
capabilities and limitations of the algorithm. The motion
along = and y, as well as the rotation around these axes
was estimated very well. The deviation in and around z is
rather big. However, this was to be expected. This direction
corresponds to the symmetry axis of the ketchup bottle.
Given the available measurements, poses along or around
this axis can not be distinguished. A better estimation of
these degrees of freedom therefore requires additional sensor
information. After grasping, all uncertainties slowly increase
as the noise of the motion model makes the object pose more
and more uncertain over time.

If the motion of the object was not tracked during the
grasp, the assumed position on the table (in the x-y-plane)
would have been wrong by 22 mm. By estimating the object
motion with the proposed method this error was reduced to
3 mm. Similarly, the error in the assumed tilt of the object
w.r.t. the table plane could be reduced from 7° to 4°. This
improvement already made it possible to move the bottle to
a pose, where it could be properly placed on the table again,
when otherwise it would have fallen because of the unknown
tilt of 7°.

Furthermore, this experiment demonstrates that the appli-
cation of the proposed algorithm is not limited to grasps,
where only the fingertips of the hand manipulate the object.
Power grasping the ketchup bottle leads to several links of
the same finger to be in contact. Although this greatly over-
constrains the object pose, the estimation filter is able to
robustly track the object motion.

Exp. 2: Fingertip grasp

The second experiment comprised of a fingertip grasp of
a brush. As shown in Fig. 7, grasping an object like that
may cause it to move until it reaches an equilibrium where
all outside forces are balanced. To pre-compute or avoid this
motion is often challenging or not possible at all because of
inaccuracies or limitations to the planning model.

More so than the previous power grasp, estimating this
grasp configuration greatly depends on the torque measure-
ments from the finger joints. The joint positions make sure
that the estimated object stays in contact with the fingers,
but this does not constraint it the correct pose. However, the
joint torques infer the direction of the contact forces and
therefore the normal direction of the contacts on the surface
of the object.

Fig. 8 illustrates the results of the experiment. While
generally not as precise as the grasp of the ketchup bottle,
the knowledge about the pose of the object could still
be improved. Without tracking, the assumed position after
grasping would be wrong by 20 mm. This error could be
reduced to 7 mm. Additionally, the error in the rotation of
the brush was reduced from 8° to 6°.
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Fig. 9. Displacement in position (left) and orientation (right) of the in-

hand manipulated brush from ground truth (dashed, black line) and EKF
estimation (colored, solid line), including 3o uncertainty range (colored
area).

Exp. 3: In-hand manipulation

The final experiment was a simple in-hand manipulation
task. The grasped brush, as shown in Fig. 4, was rotated
back and forth inside the hand, while tracking its pose. The
contact configuration remained the same during this motion,
i.e. the same finger links stayed in contact with the object at
all times.

The results of the experiment are illustrated in 9. The main
components of the manipulation, namely the rotation around
6 and 1) were estimated correctly. However, more subtle
motions, i.e. around ¢ and along = and z, were generally un-
derestimated. Additionally, at times the ground truth lies even
outside the 30 uncertainty range of the estimation, which
means that the filter is too confident about the estimated
values. The pose error at the end of the experiment was 2
mm in position, and 2° in rotation, respectively.

VI. CONCLUSION

In this paper we proposed a new solution to the problem
of determining the pose of a manipulated object, as well as
the contact configuration of the grasp. Based on the popular
extended Kalman filter framework, this novel algorithm relies
only on position and torque measurements from the finger
joints in order to estimate the pose of the object, as well
as the contact state. The method was successfully validated
with real measurements from three different grasping and
manipulation tasks using the DLR robot David.

While the proposed algorithm is able to estimate the object
pose with a limited set of measurements, when available,
additional information about the state of object should be
used to improve the localization. The flexible design of the
presented system has the potential to be expanded to make
use of additional sensor data. For example, contact sensors
could replace the heuristic function for the contact detection,
or visual data could be fused in the EKF to help estimate
degrees of freedom that are not kinematically constraint.
Further work will focus on incorporating these additional
sources of information.
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