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Online object localization in a robotic hand by tactile sensing
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Abstract— Robotic grasping and manipulation mainly rely on
vision and tactile sensing. While tactile sensors are frequently
proposed for grasp control in the literature, object localization
and recognition are typically achieved through vision. Vision-
based approaches perform satisfactorily in clear and structured
surroundings by providing reliable sensory inputs about the
object. However, their performance deteriorates when faced
with object occlusion, which is typical of manipulation tasks;
for instance, robotic fingers occluding the object during in-
hand object manipulation. This work presents an online object
pose estimation based on tactile sensing. More specifically,
the proposed method finds the wrist-object transformation
based on the contact-point positions between fingertips and the
object, representing the minimal tactile sensor requirement. We
validate our method experimentally using different object ge-
ometries during in-hand manipulation tasks. The experimental
results demonstrate that our proposed method outperforms the
vision-based approaches during in-hand object manipulation
due to its inherent robustness to object occlusion.

I. INTRODUCTION

Robot manipulation requires an accurate and robust per-
ception of the object’s pose, especially during fine in-hand
manipulation. Nevertheless, most robotic applications rely
solely on vision sensing to localize objects [1]-[4]. Indeed,
vision-based approaches proved effective in providing rele-
vant information for executing in-hand manipulation actions.
However, dealing with occlusions is considered the main
drawback of such approaches; i.e., the object is not fully
visible to the camera. Occlusion is ubiquitous in manipu-
lation tasks, especially during in-hand manipulation when
robotic fingers surround the objects. A typical occlusion
example is shown in Fig. 1, where the camera viewpoint
is displayed with a visualization tool indicating the robot
and object poses acquired by the vision system. Comparing
the two images, it is clear that the object is not in the
correct position with respect to the robot. Humans benefit
from vision and tactile sensing to localize objects for ma-
nipulation purposes. Similarly, recent studies [6], [7] showed
the advantages of other sensory inputs. For instance, multi-
modal sensory inputs can be fused to overcome occlusion-
related problems. For example, Bimbo et al. 2013 [8] used
tactile sensing to correct vision-based object localization.
Other object localization algorithms have combined tactile
sensing and visual features in several studies as presented
by Chaudhury et al. 2022 in [9]. A comparison between the
fusion of different types of sensory modalities and vision in
robotics was made in [10]. This comparison shows that the
combination of the three modalities outperforms the other
cases.
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Fig. 1: Camera viewpoint, and visualization of the robot’s
current posture and visualization of the robot’s current pos-
ture with the vision-acquired object pose by Garrido-Jurado
et al. 2014 [5]. The visualization algorithm starts to lose its
accuracy when the ArUco marker is not clear to the camera.

Vision-based approaches are limited when objects are out
of sight or partially occluded. This inherent limitation begs
for approaches that utilize or combine vision with other
sensory modalities. In [11], they proposed a tactile-based
approach for object localization for a force-controlled
robot. However, their method is limited to three degrees
of freedom due to the high computational cost of using
a particle filter. Petrovskaya et al. 2006 [12] extended
this method to six degrees of freedom using an adaptive
particle filter, increasing the precision as the localization
process progresses. In [13], [14], the object pose was
estimated from the contact information. By comparing the
finger measurements to a previously learned model, the
algorithm generates hypotheses for possible contact points.
These hypotheses were then used to determine which
object pose best represented the measurements. Moreover,
other works [15], [16] relied on particle filters to track
object-hand configuration from tactile sensing. To this end,
these methods use measurement models that consider areas
on the manipulator that are not in contact with the object.

Most existing approaches to object localization overlook
the kinematic or dynamic model of the hand due to the
added theoretical and practical challenges. An exception is
Zhang et al. (2013) [17], who estimated the object pose and
dynamic model using pre-recorded data in an offline manner.
Another method by [18] employed an extended Kalman filter
(EKF) with finger position and torque measurements for
online localization during in-hand manipulation. However,
torque measurements are affected by gravity and movement
dynamics, leading to varying results for the same object-hand



position depending on hand orientation. In contrast, tactile
sensing, which relies on contact points, offers robustness
against hand position and dynamics.

Robotic hands, during in-hand manipulation, can move
objects through re-grasping or finger gaiting, necessitating
continuous object pose estimation. Vision-based methods
are effective unless the object is occluded. Bimbo et al.
[8] tackled occlusion by integrating vision and touch,
estimating the nearest object pose within hand constraints
but without supporting finger gaiting or changing contact
points during manipulation. Due to high computational
demands, their tactile methods have been applied offline.
Chalon et al. (2013) [19] developed an online tactile
sensing method for object pose estimation, but it was
limited to grasping, arm movement, and release, excluding
in-hand manipulation. Moreover, methods combining object
recognition with pose estimation may compromise pose
accuracy due to uncertainties in object position [20], [21].
Furthermore, recent research highlights the ability of neural
network-based methods for object localization to overcome
occlusion. For example, Azulay et al. (2013) [22] employed
Gaussian Processes, Feedforward Neural Networks, and
Long Short-Term Memory Networks, achieving outstanding
results. Similarly, Goudie et al. (2017) [23], Doosti et
al. (2020) [24] and Azulay et al.(2023) [22] focused on
Convolutional Neural Networks for 3D hand-object pose
estimation, achieving notable accuracy. These studies
demonstrate that while neural network-based methods can
enhance object localization, their high computational and
data requirements related to object shape and training data
dimensionality present significant drawbacks.

In this paper, we contribute to this body of literature by
proposing an online method for object localization based on
tactile sensing, hand kinematics, and object model. Through
experimental validation and comparison to vision-based
methods, we demonstrate that our proposed method is
effective in overcoming the aforementioned limitations; i.e.,
robustness to occlusion, low computational cost, minimal
tactile sensing, and accurate tracking performance. The rest
of this paper is organized as follows. Section II formulates
the object localization problem using contact points. In
Section III, we propose a fast and computationally low-cost
solution. In Section IV, we validate our proposed method
in simulation. Sections V and VI present our experimental
setup and results respectively. Finally, Section VII provides
discussions and conclusions.

II. PROBLEM FORMULATION

In this paper, we propose an effective method to solve the
following problem: “Online” object localization during in-
hand manipulation using “a minimum number of fingers” in
contact with the object. Most often, the object localization
problems are reduced to an optimization problem to find
the geometric transformation between the robotic wrist/palm
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and the object. In this work, the object pose is represented
by a frame Ry(Op,ip, jp,kp) with respect to a fixed frame
attached to the palm of the robotic hand. We also assume
that the 3D shape of the object is known. The geometrical
model of the object allows us to specify any contact points
in the object frame. Furthermore, we assume that the contact
points stay fixed during in-hand manipulation; i.e., there is
no slippage between fingertips and the object. Moreover, in
our work, the positions of the contact points (specified in
the palm frame) are available using tactile sensors. Finally,
we assume that we have sufficient contact points specified in
both frames. It is also important to note that, given the non-
slippage assumption, only an initial pose for the object is
necessary to compute the contact points in the object frame.
Nevertheless, this is not a limiting assumption since one can
choose an arbitrary frame for the object based on the initial
contact points.

In summary, our assumptions are: (A1) A 3D mesh of the
object and the hand (palm and fingers) are available. (A2)
Absence of slippage between the hand and the object. (A3)
The positions of the fingers and of the contact points on the
fingertips are available online. (A4) Sufficient contact points
specified in both hand and object frame. (AS) The initial
object pose is provided.

To localize the object, we need to find the object pose
(including translation and rotation) with respect to a fixed
frame. Conventionally, the position is represented by a 3d
Euclidean vector; i.e., 3 unknown parameters. However,
several representations can be used to describe the orientation
of the object; for example, Euler angles, axis-angle, quater-
nions, and rotation matrices. Each of these representations
leads to a different estimation problem with its related
challenges. In the following, we consider two of these
possibilities. However, let us first consider pj, = [xp,5,25]"
and p,, = [xy,Yw,2w]! as the position of a contact point in
the object and world/palm frame, respectively. Moreover,
d = [dy,d>,d;]" represents the position of the object (i.e.,
Op) in the world frame.

Objects move in space according to rigid motions, which
include only two types of motions: translation and rotation.
In robot kinematics, the dual quaternion vector is widely used
since it can represent the roto-translation with fewer compo-
nents than a homogeneous transformation matrix [25], [26].
However, the homogeneous transformation matrix performs
better than the dual quaternion in solving our problem be-
cause it leads to a direct estimation of the object localization.

Quaternion: The object’s orientation is represented by g =

[9r,9i,9,qx] which allows the following transformation be-
tween the two frames:

0

|:p w

where ¢* = [gr,—qi,—qj,—qi| denotes the conjugate trans-
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pose of g. This expression can be expanded into:

0
_ |7 +af — a5 — qi)x +2(iq; — ar)ye + 2(qrqk + 44z + dy
2(qiq;+ qrgr)x- + (47 — a7 + 45 — a0)yp + 2(qjax — i9r)2p +di
2(qiqr — q79r)% +2(qjqx + 4igr)yp + (@7 — 47 — 6+ )z + d12
)

Given a set of contact points (specified in both frames),
the localization problem simplifies into finding these four
unknown parameters in each time-step during the in-hand
manipulation. However, the non-linearity with respect to
these parameters hinders fast and simple methods for
achieving precise solutions.

Xy

Rotation matrix: Given the rotation matrix R € SO(3) that
represents the object’s orientation, we can write:

p R d| |pp
=l ®
where 07 = [0,0,0]. The expansion leads to:
Xy F11Xp + r12Yp + 11325 + di
Yw| = |[Fr21Xp+r22yp +1232 +d2 4
Zw r31Xp +r32yp + 1332 + d3

where r;; is the element in the ith row and jth column of
the rotation matrix R.

As shown in Eq. 2, the expansion of the dual quaternion
in Eq. 1 results in a complex non-convex problem that
necessitates an optimization process, requiring significant
time to resolve. On the other hand, if we use the
homogeneous transformation matrix, we have twelve
parameters, as we see in Eq. 4, the expansion of the
transformation matrix Eq. 3. Having such linear equations
allows for obtaining a fast and efficient solution that
represents a homogenous transformation matrix. Therefore,
the object localization problem is formulated as identifying
d = [x4,Y4,z4)7, the object position, and R, the object
rotation matrix.

III. PROPOSED METHOD
This section discusses the mechanism for object localization
and the minimization of inputs to the method.
A. Object localization method

To find the parameters of the transformation matrix, we need
four known vector representations in the world R,, and the

W2 D oD with their

object frame Rj; namely py’, pw
. Lo 1 @ 3
respective representation in object frame as p,’, p,”’, p,’,
pf). Given these points, Eq. 4 can be expanded as:
W =BM (5)
where
AT B N N
2 2 2 2 2 2
W = XSV; y&;) Z&’; B— xl(73) YI(;3) Zl(73) 1 (6)
xsv) ysv) ng) xl(;) yé) Zé) 1
ij) ys\f1 ) Z&f ) xl(74) y}(f) 224) 1
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with the unknown parameters:

o 1 13
r 14 &
M= |2 T2 TR %)
r3 13 133
d dy ds
The “exact solution” exists if Aj is invertible:
M=B"'w ®)

However, the resulting solution is not necessarily a rotation
matrix, especially when dealing with noisy measurements.
In order to satisfy this constraint, we use the Singular Value
Decomposition (R = USVT) to derive the following polar
decomposition:

R=RP 9)

where R=UVT € SO(3) and P=VSVT € R**3 is positive-
definite matrix which represent scaling part of R. With the
modified rotation part (i.e., R), we update the translation part.
To this end, we expand Eq 5 as follows:

W =B{R+ Byd (10)
where B; € R and B, € R**! are segments of B =
[B1,B]. Thus, having updated R, we have:

d= (B:)"(W - BiR) (11)

where § denotes the left psuedo-inverse.

Given the quasi-static updates on the two parts, we can
perform the estimation process sequentially as follows:

Ag = (BiRc—1) ™' (W — Bady)
AR = AgP

Ry = Ri_1Ag

di = (B2)" (W —B1Ry)

12)

where iteration k utilizes the previous estimation for the ro-
tation R;_;. The estimation process can run asynchronously
from the task; i.e., in each iteration, we use the most updated
values for W and B.

The quality of this parameter identification can be quantified
by the following the Frobenius norm:
1 .

e=—||W—-BM (13)

where N =4 as we use four contact points in this work. It is

important to note that this quantity represents the fitting error

and not the localization error for which we need a ground
truth.

As we can see, unlike systems based on tactile sensors, we
do not need complex optimization procedures. Instead, we
use a set of linear systems (Eq. 5) to find the parameters
of the object pose followed by a polar decomposition. This
method can be efficiently applied to online implementations
since it does not require an optimization process that requires
an unpredictable processing time. As stated previously, Our
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Fig. 2: Design of the contact sensing fingertip based on force/torque sensors. (a) Point of contact V}, at time i and i — 1 with
respect to the object frame. (b) Projecting the actual point of contact on the object’s surface in its previous pose. (c) Detail
of the force and torque sensor mounted on a fingertip. (d) The resulting forces and torques on an ellipsoid when a force is

acting on point p,

approach only relies on four position vectors represented
in both frames. In the subsection below, we show how we
compute these vectors.

B. Object localization input

As previously stated, our approach requires four vector
representations in both frames. We consider that the robot
manipulates the objects using its fingertips. Thus, the
contact points between the object and the fingertips are
common in both frames that can be quantified. In our
proposed approach, we use such contact points as input
variables. Objects can be manipulated by a variable number
of fingers depending on the in-hand manipulation scenario
and the number of fingers on the robotic hand. The number
of fingers in contact with the object can range from two
to five. We use feedback from four tactile sensors when
we have four or more fingertips in contact with the object.
On the other hand, if we have only three or two fingers in
contact with the object, we have to find additional vectors
representing the object.

In the case of three contact points, we can derive the fourth
point from the data acquired by the three sensors. The fourth
point must not create a singularity to ensure the invertibility
of the matrix B. Therefore, the created point is the centroid
of the triangle formed by the three points levitated u(m) with
the normal vector 7 to the triangle surface found in the two
references as described in Eq. 14. Thus, we can guarantee
the invertibility of the matrix B.

4)

P (1)

b

2)
b

;(p 4o+ py)) it (14)
If two fingers are in contact with the object, we cannot
find the representation of the third and fourth vectors
in both frames. From a mathematical perspective, two
points can only represent a line in 3D space. Therefore,
we cannot create three independent vectors that can
represent a reference in the 3D workspace. Therefore,
the minimum number of contacts between the object and

the hand must be three to apply our method. In this
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section, we introduced our method concept based on the
transformation matrix and contact points between the
object and the hand. The roto-translation matrix helped us
find a direct method that can be applied online without
passing through an optimization process. In addition, we
were able to minimize the number of contact points required.

IV. SIMULATION

To validate the proposed object localization method before
real-world implementation, simulations were conducted in
controlled environments to assess performance under varying
noise conditions. These simulations replicated scenarios in
which a robotic system manipulates objects using fingertip
contact points for localization.

Contact points were generated in both the world and object
frames, with two types of noise introduced: (1) sensor
measurement errors and (2) inaccuracies in the estimation
of contact points relative to the object frame as described
in Eq.15 and 16 respectively. These errors were simulated
through iterative updates, incorporating random noise Vgensor
based on the step size A(Viensor). Sensory data were prop-
agated through projection, influencing a proportional noise
component Vppiection in the object frame.

Vsensor =V+ A(Vscnsor) Vsensor ( 15)
Vobject = Vobject + A(Vobject) Vprojection (16)

where Vopject represents the projected contact point of Veensor
on the manipulated object. This approach enabled the eval-
uation of localization performance in noisy conditions.

Simulations were implemented in Python, utilizing NumPy
for iterative updates and noise generation. Ten trajectories,
each lasting 20 seconds, were generated per noise level
going up to 10%, simulating in-hand manipulation. Both
noises Vsensor and Vprojection can reach up to 10%, intro-
ducing realistic inaccuracies into the contact points. The
results, illustrated in Fig.3, demonstrate that localization
errors increase with higher noise levels, reaching up to 6
degrees in orientation and 0.2 cm in translation. The method



maintained robustness up to 8% noise; beyond this threshold,
accuracy significantly deteriorated. These findings suggest
that the proposed method is effective under controlled noise
conditions and is suitable for real-world implementation
within specific noise limits. The following section presents
experimental results obtained from real-world scenarios.

V. EXPERIMENTAL SETUP

Two steps are necessary to implement the object localization
technique. The first step is to measure the points of contact
between the hand and the manipulated object with respect to
the world frame and the object frame. The second step is to
apply the proposed geometric object localization method.

A. Contact points measurement

During in-hand manipulation, hand configuration changes
are performed by the fingers. The contact points between
the object and the hand correspond to the fingertips in
contact with the object. The minimum number of contacts
between the hand and the object is three. Using the tactile
sensors positioned at the robot’s fingertips, we can capture
three contact points between the object and the hand. These
measured points of contact must be represented with respect
to the world frame and the object frame. For every finger
j in contact with the object, using the finger kinematics
transformation matrix Tsw’(j) and the jth fingertip sensor
measurements pﬁj), we obtain the point of contact with
respect to the world frame, as shown in the equation below:

()

wo =T a7)

p

We cannot directly measure the points of contact with respect
to the object frame since the object is not equipped with
sensors to detect the points of contact. Therefore, it will be
estimated using the prior object pose and the difference be-
tween the prior point of contact on the sensor and the current
one. The difference in the contact sensor readings between
two consecutive readings is very small. The displacement of
the contact point on the sensor surface can be considered
as a linear displacement. Thus, the actual point of contact
representation with respect to the object frame is found by
projecting the actual contact point on the object in its prior
pose as shown in Fig. 2. After expressing the inputs of our
method in both frames, we now have to use them in the
object localization algorithm.

B. Geometric Object localization method

As already explained in sub-section II, we have to solve
twelve equations using the data of four vectors represented in
the world and object frames to estimate the roto-translation
matrix parameters. To implement our geometrical method,
we need the prior object pose and the actual points of contact
in both the world and the object frames that will be the
algorithm’s inputs to estimate the object pose. An algorithm
flow is represented in Fig. 4 to make our method clearer to
the reader.
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VI. RESULTS

Our method addresses occlusion issues in vision-based lo-
calization and is designed for online execution. To better
evaluate our approach, we compare its performance with an
online vision method for estimating object posture, using a
ground truth for validation. Additionally, we compare the
linear localization results with a touch-vision method tested
on the same platform [8], aiming to assess our algorithm’s
suitability for online applications. The following sections
detail the platform and present localization results.

A. System overview

To test our algorithm, we used a robotic hand equipped with
fingertip sensors and an RGB-D camera to detect the object’s
position.

The proposed algorithm was implemented in C++ using the
ROS platform and tested on a real-world system, such as the
one displayed in Fig. 4b. The platform consists of a Shadow
hand-arm robot with a Microsoft Kinect RGB-D camera
positioned on the shoulder and custom-designed fingertips
with 6-axis ATI nanol7 force and torque sensors. An RGB-D
camera is configured, so that the object is always detectable
in the camera frame.

Liu et al. 2012 [27] introduced a tactile sensing technique
to calculate contact location and local torque from force
and torque measurements on a convex surface (Fig. 2d).
This method computes the normal and tangential interaction
forces by finding the contact point P. = (x,y,z) that satisfies
moment and force equations, assuming torque is normal to
the surface:

P.xF+m=M

18
S(r3,2) = 0 (1%)

Tested in [28], it achieved 266um accuracy and ran at
frequencies above 800Hz.

To demonstrate the advantages of our method, we im-
plemented a vision algorithm capable of locating objects
under occlusion, using the fiducial marker-based method by
Garrido-Jurado et al. 2014 [5].

B. Results

The approach was tested on two different objects: a regular
cylinder and a square parallelepiped. We chose these two
objects due to their unique characteristics. The faces and
normals of the square parallelepiped are clearly defined,
whereas rotational symmetry exists in cylindrical objects.

For our experimental setup, we only needed to focus on in-
hand manipulations. Therefore, we fixed the shadow hand to
immovable support, and all the object manipulations were
done by actuating the fingers’ joints. This setup allowed us
to move the object around its axis by 30° or -30° from its
neutral orientation. We chose to limit ourselves to a +25°
movement to limit the mechanical constraints on the fingers
since this range of motion was enough to test our method
and compare it to the camera-based approach. Due to the
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Fig. 3: Effect of Noise on Measurement Error for Orientation and Translation. The subfigures show the mean error and confidence range
as noise levels increase. The subfigure on the left demonstrates that orientation prediction errors reach up to 6 degrees at high noise levels,
while the confidence range widens significantly. The subfigure on the right illustrates that translation errors can increase up to 0.2 cm
under high noise conditions, with a similar expansion in the confidence range. These results indicate that the system effectively corrects
for object orientation and translation errors when noise is minimal. However, as noise levels rise, the system’s ability to accurately predict
object pose during in-hand manipulation deteriorates, leading to increased localization errors.

Object under manipulation at
time t + At

Sensors Feedback
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Fig. 4: (a) Our object localization method inputs are the object pose at time ¢ and the sensor data from its pose at time
t+ At. We can directly measure the point of contact with respect to the world frame based on the hand and fingertip sensors.
The points of contact with respect to the object frame are estimated by projecting the fingertip sensor feedback onto the
object at time ¢. Object localization uses the representation of the contact points with respect to the world frame and the
object frame to estimate the object pose at time 7 + At. (b) Platform description.

difficulty of having a continuous ground truth, the validation
method consisted of fixing the object to a measuring angle
system, as shown and explained in Fig 6. The robotic hand
rotated the object from pose i to pose i+ 1, paused on pose
i+ 1 for a minimum of two seconds, and then moved to
the next desired pose i+ 2. We adopted this procedure to
compare the ground truth value read with the vision method
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and our object localization method. The robotic hand rotated
the object until the ArUco marker was occluded and no
longer visible to the RGB-D camera. The mean error of
the vision estimates (measured when the ground truth was
known) was 5° for the cylindrical object and 4° for the square
parallelepiped when the object was not occluded while using
our object localization method it was reduced to 3° and 2.5°,
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Fig. 6: Tested objects in our experimental validation are
placed on the ground truth measurement tool to determine
the angles at which the objects are rotated by the robotic
hand.
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respectively. On the other hand, when the ArUco marker was
occluded, the error with the vision method started to increase
until not being able to detect the object pose as we see in Fig.
5a and 5b. The fitting error reached a maximum of 0.0745
cm across all recorded manipulation actions, as shown in Fig.
5c and 5d for two manipulation actions. This indicates that
the quasi-static updates on the rotation matrix and translation
vector were minimal during our experimental trials.

The EKF concept is the basis of the method suggested in
[18]. The object pose was estimated in power grasp, finger
grasp, and in-hand manipulation actions in experimental
validation. Since we aim to estimate the object pose during
in-hand manipulation, we will compare our results with their
experiment results. The object localization based on the
filtering concept in [18] was able to estimate the object pose
under an uncertainty range of 30. The error around the main
rotation component during the in-hand manipulation action
lies between -1 ° and 7.5 © with respect to the vision system
ground truth. At the end of the experiment, the rotation angle
error is 2°. On the other hand, our method’s error during the
in-hand manipulation task lies between -3.5° and 1.4°, and
at the end of the experiment, the rotation angle error is -3.5°.

The algorithm’s execution time was 0.0132 seconds on
average, with an average number of iterations of 80. On the
other hand, methods that combine vision and tactile sensors,



such as the method presented in [8], took 0.171 seconds
on average as running time and 91.2 iterations on average.
Finally, the experiment showed the ability of our algorithm to
overcome the occlusion scenarios and keep on detecting the
object pose. At the same time, vision failed to localize the
object when the ArUco marker was occluded or not fully
visible in the camera frame. The comparison between the
method of Pfanne et al. [18] and ours showed the ability
of our method to detect the object pose better than other
online methods that take into account the filtering concept.
The comparison between the method of Bimbo et al. 2013
[8] and ours shows the speed of our algorithm compared to
other online methods that take into account tactile sensors to
localize the object.

VII. DISCUSSION AND CONCLUSION

This work presented a method for object localization during
in-hand manipulation. While vision systems perform well in
unoccluded environments, occlusions from hand movements
reduce tracking accuracy. To address this, we developed an
algorithm that uses fingertip contact detection to estimate
object pose by computing a transformation matrix from
contact points in the object and wrist frames. The algorithm
successfully localized the object under both occluded and
non-occluded conditions, with a mean computation time of
0.0132 seconds, enabling real-time tracking. The estimation
error was between —3.5 and 1.4 degrees. Future work aims
to enhance robustness by incorporating local torque data to
estimate the object’s center of mass and integrating a slip
detection mechanism for corrective adjustments.
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