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Abstract— Robot-human object handover has been extensively
studied in recent years for a wide range of applications. However,
it is still far from being as natural as human-human handovers,
largely due to the robots’ limited sensing capabilities. Previous
approaches in the literature typically simplify the handover
scenarios, including one or more of (a) conducting handovers at
fixed locations, (b) not adapting to human preferences, or (c) only
focusing on single-arm handover with small objects due to the
sensor occlusions caused by large objects. To advance the state
of the art toward a human-human level of handover fluency, this
paper investigates a bimanual handover scenario in a natural-
istic, complex setup. Specifically, we target robot-to-human box
transfer while the human partner is on a ladder, and ensure that
the object is adaptively delivered based on human preferences.
To address the occlusion problem that arises in a complex envi-
ronment, we develop an onboard multi-sensor perception system
for the bimanual robot, introduce a measurement confidence
estimation technique, and propose an occlusion-resilient multi-
sensor fusion technique by positioning visual perception sensors
in distinct locations on the robot with different fields of view.
In addition, we establish a Cartesian space controller with a
quaternion approach and a leader-follower control structure
for compliant motion. Four distinct experiments are conducted,
covering different human preferences (such as the box delivered
above or below the hands) and significant handover location
changes once the process has begun. For validation, the proposed
multi-sensor fusion technique was compared to a single-sensor
approach for both top and bottom sensors separately, and to sim-
ple averaging of both sensors. 30 repetitions were performed for
each experiment (four experiments, four methods), the equivalent
of 480 handover repetitions in total. Multi-sensor fusion approach
achieved a handover success rate above 86.7% for all experiments
by successfully combining the strengths of both fields of view
for human pose tracking under significant occlusions without
sacrificing handover duration. In contrast, due to the occlusions,
the single-sensor and simple averaging approaches completely
failed during challenging experiments, illustrating the importance
of multi-sensor fusion in complex handover scenarios.
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Note to Practitioners—This paper is motivated by enabling
naturalistic robot-to-human bimanual object handovers in com-
plex environments, which is a challenging problem due to
occlusions. Existing approaches in the literature do not benefit
from multi-sensor fusion to handle occlusions, which is essential
in such physical human-robot interaction scenarios. To this aim,
we have developed a multi-sensor fusion technique to improve
the perception capabilities of robots with respect to human
co-workers. The developed framework has been tested with
Microsoft Azure Kinect sensors and a bimanual mobile Baxter
robot, but it can be adapted to any depth perception sensor
and bimanual robotic platform. Furthermore, the introduced
multi-sensor fusion technique is comprehensive and generic,
as it can be applied to any intermittent sensor data, such as
human pose tracking via RGBD sensors. The presented approach
shows that increasing the field of view of robots‘ perception
used with enhanced data fusion could drastically improve the
robot‘s sensing capability. For future work, data fusion can be
improved by introducing Bayesian filters, and the system can be
validated with different sensors and robotic platforms. Moreover,
the handover detection method of physical interaction could
further benefit from the incorporation of force sensors.

Index Terms— Human-robot interaction, human-robot object
handover, multi-sensor fusion, occlusions.

I. INTRODUCTION

UMAN-ROBOT interaction (HRI) scenarios such as
robot-human object handover have become increasingly
popular as the prevalence of collaborative robots has expanded
in recent years [1], [2], [3]. Although the earliest applications
in the field of human-robot object handover date back to the
1990s [4], [5], and numerous applications have been developed
so far, there is still significant research that is needed to
reach the naturalness of human-to-human object handovers.
State-of-the-art methods mostly focus on simple scenarios,
including single-arm handover with small objects, fixed han-
dover locations, and not always perceiving and adapting to
human preferences. One of the primary reasons for these
simplifications is that robots lack the same complex sensory
systems and awareness as humans have [6] for perceiving the
body state and preferences of their human co-workers. This
is especially noticeable when transferring more complicated
objects in complex environments, where full or partial occlu-
sions are present due to the close interaction distance, large-
sized objects, ladders, robotic manipulators, and challenging
camera view angles [7].
Studies in this field can be grouped into two main
categories: a) the prehandover phase, which includes
communication, grasp planning, perception, handover location,
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and motion planning and control stages, and b) the physical
handover phase, which includes grip force modulation and
error management [8].

The prehandover phase starts with the communication stage
to begin a collaborative action and continues to coordinate
the handover after it has begun [9]. The communication
stage is followed by understanding grasping choices and
grasp planning [10], including studies about hand placement
on objects during the handover [11]. Further research is
done on grasp generation with a proposed human-to-robot
unknown object handover by utilizing the developed hand, and
object segmentation [12]. Moreover, [13] developed an object-
independent human-to-robot handover framework to deliver
previously unknown objects by using the modified generative
grasping convolutional neural network.

Regarding the handover location, many studies have already
examined fixed handover locations [14], [15], [16]. However,
only a few of these studies considered the problems involved
in online handover locations. According to [8], one of the
crucial open challenges in human-robot object handover is
that the handover location should be adjusted online. The
location of the hand is employed in [17] to execute online
handover location in various natural situations. Furthermore,
recent studies showed that object release behaviors, such
as proactive release, a form of online handover location,
result in shorter completion times [18]. In the direction of
learning the optimum online handover location for robot-
human frameworks, human-human demonstrations are also
considered [19]. In [20], a multitask variational autoencoder
jointly forecasts the poses of the human participants in a
handover as well as the orientation of the object as held by
the giver during the handover. Despite the fact that these
studies addressed the challenge of online handover location
estimation, their approach is confined to single-arm handovers
and is not resistant to occlusions caused by large objects during
the handover.

Failure handling and grip force regulations are explored as
part of the second phase of the handover, the physical handover
phase. To prevent the item from falling, some researchers
have used object acceleration as a warning of approaching
handover failure, and have suggested a suitable re-grasping
mechanism [21]. Another technique considers the tactile data
from the robot hand grippers [22]. Moreover, grip force
regulations are studied for successful and smooth handover
delivery [3].

Beyond the object handover phases, researchers have
recently begun to focus on more natural handover applica-
tions contrary to an idealistic laboratory environment, such as
in human-human handover scenarios. Three natural environ-
ments were studied in [17], such as ‘Lying under the car’,
which simulates lying on one’s back and working, ‘Engine
Bay’, which simulates working on the engine of a car with
the person bent over, and ‘Hydraulic Lift’ which simulates
working under a car on a hydraulic lift. Another realistic
setup is investigated in [23], where object handover is done
while a human worker conducting maintenance tasks stands
on a ladder. In [24], Gaussian process regression is used
for latent reward estimation of the absolute and preference
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Fig. 1. Overview of the proposed technique for robot-to-human bimanual
handover in complex environments, considering human preferences and endur-
ing occlusions via the proposed multi-sensor fusion approach.

VN

A (K

Sensor1 i
N Occlusion
e

(a) (b)

Fig. 2. Different human preferences illustration for bimanual object handover
with a large box from (a) above or (b) below the hands. Common approaches
that rely on a single sensor cannot easily compensate for these diverse
preferences due to the occlusions visible in both scenarios. As a solution,
we present a multi-sensor fusion with distinct fields of view for achieving
occlusion-resilient dynamic bimanual handover.

human feedback, and integrates reward learning with con-
textual policy search in order to learn dynamic robot-to-
human object handover. However, only a limited number
of studies focus on the challenges associated with bimanual
handovers.

According to the literature, there is still a significant gap in
solving bimanual object handover, especially when consider-
ing realistic scenarios in complex environments demanding
online handover location determination [8]. In this paper,
we developed a robust multi-sensor system (Fig. 1) that can
work around occlusions. We did this by taking advantage
of the strengths of the different fields of view perception
sensors and combining pose tracking data with the proposed
algorithms. Furthermore, we utilized these algorithms for
performing robot-to-human bimanual object handover towards
the ultimate goal of achieving naturalistic human-robot inter-
action. In order to achieve this goal, we developed a pipeline
where the human pose is extracted and fused from two depth
sensors, and the hands’ pose is used to update the dynamic
handover location. Despite the fact that occlusions frequently
occur in such large object handover cases and complex envi-
ronments, the proposed data fusion algorithm was able to
track hands continuously, as illustrated in Fig. 2. Furthermore,
hand orientation is used to deliver objects in accordance with
human preferences. For validating the proposed fusion method,
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we have used a robot-to-human bimanual object handover
application where the human operator receives a large-size box
and stands on a ladder, demonstrating a challenging environ-
ment where the robot’s assistance would be genuinely useful.
In order to assess the importance of an occlusion-resilient
framework for large object delivery, online handover location,
and adaptive framework to human preferences, four sets of
experiments are performed with the four different techniques,
including the proposed one and other compared methods. The
results demonstrate the advantages of the proposed technique,
which assigns weights to the sensor data based on the esti-
mated measurement confidence, over conventional techniques
that rely on a single sensor approach or simple averaging of
the sensor data, which are prone to failure in the presence of
occlusions. The contributions of this paper include:

« A bimanual robot-to-human object handover technique
is proposed for handing over big objects in naturalistic
environments. Moreover, human preferences are used to
adapt handover strategy to improve the human experience.

« Multi-sensor perception system is designed to improve the
perception capabilities of the robot. Accordingly, a mea-
surement confidence estimation algorithm is proposed.
These confidences are used to enhance the weighted
averaging data fusion algorithms, making them resilient
to occlusions that are inevitably occurring due to the large
object handover and complex environments.

« An online handover location update framework is pro-
posed using the introduced occlusion-resilient multi-
sensor fusion module. This framework allows the human
operator to alter the handover position during the action,
enabling him/her to take over the object more comfort-
ably. Additionally, this approach provides adaptability to
human operator demands.

II. RELATED WORKS
A. Multi-Sensor Fusion

In recent decades, the topic of multiple sensor fusion
has garnered significant research interest as it has been
discovered that the combination of information from multi-
ple sensors can provide more precise and accurate informa-
tion [25], [26], [27]. Practical applications of the multi-sensor
approach are now spreading among the different domains.
One of the most common applications in this field contains
multi-camera based applications which are especially encoun-
tered in the field of surveillance for tracking people [28].
In order to tackle occlusions and lack of visibility, multi-
view information acquired from the multi-cameras is used
to track people consistently [29]. Furthermore, surveillance
techniques are becoming increasingly prevalent in our daily
lives, such as recently introduced surveillance-powered, no-
checkout cashierless stores [30]. Modern robots have also
begun to benefit from multiple camera settings. For example,
quadruped robot SPOT! utilizes five stereo cameras with a
360-degree field of view, to navigate and avoid obstacles
effectively.

'Boston Dynamics https://www.bostondynamics.com/products/spot

From an academic perspective, new fusion techniques are
constantly being researched. Multiple sensor fusion through
Kalman filters is applied to five Microsoft Kinect® sensors
and results are compared to the ground truth obtained from
the motion capture system in [31]. Similarly, multiple Kinect
sensor data are fused for dance analysis by using a hidden-state
conditional random fields classifier in [32]. Another study
to handle the occlusion problem or noisy estimations was
conducted by [33], via estimating measurement confidence
and then using these estimations with fuzzy logic system
integration as an input to the energy function for the final
estimation. Reference [34] also positioned four Kinect sensors
to the corners and used an information-weighted consensus
filter combined with a multiple interactive model for retriev-
ing reliable human pose estimation. In our previous works,
we used multiple Leap Motion Controllers® (LMC) with
adaptive Kalman filters to overcome occlusion problems [35].
In other previous research, we have utilized multiple LMCs
to achieve reliable gesture recognition for enhancing HRC
in robotic surgeries [36]. Additionally, there are numerous
other examples with varying sensor configurations documented
in the literature, such as LMC-LMC [37], LMC-Microsoft
Kinect [38]. Moreover, [39] has introduced a dedicated sen-
sor fusion schema for accurate fingertip estimation using
sensor-fitted gloves and LMC. Another Kalman filter data
fusion strategy proposed by [40] in order to estimate the palm
center by combining the position data gathered from LMC and
velocity data obtained from Microsoft Kinect. Reference [40]
suggested a Kalman filter data fusion approach to estimate the
palm center using position data from LMC and velocity data
from Microsoft Kinect.

B. Online Handover Location

A number of studies have been conducted to utilize the
dynamic handover location oriented on the receiver’s hand
attitude. Dynamic Movement Primitives are used in the control
schema of [41] to formulate a robot to follow human-like
trajectories for object handover towards the human hand. Sim-
ilarly, the object is delivered towards the human hand in [42],
but this time using a proportional velocity controller. Another
solution for dynamic handover location is introduced by [43],
where an impedance-based control scheme is employed to
drive the robot towards the predicted handover location. Ref-
erence [44] formulated the human-robot handover scenario by
automatically synthesizing from high-level specifications in
Signal Temporal Logic, and delivered the object by moving
towards the human. In [45], the robot initially moves towards
an expected handover location, and the trajectory is updated on
the fly to converge smoothly to the actual handover location,
which is estimated using optical motion capture that tracks
optical markers on the delivery object.

C. Human Preferences
The consideration of human preferences during the han-
dover process has been the subject of several studies. For

ZMicrosoft Kinect https://developer.microsoft.com/en-us/windows/kinect
3Leap Motion https://www.leapmotion.com/
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Fig. 3.
handover strategy, and robot control diagram.

example, a teaching-learning prediction framework is proposed
in [1] for robots to learn from human partner demonstra-
tions and predict human handover intentions by utilizing the
human’s preferences. Additionally, [46] presented a method
that allows robots to continuously learn about the human
preference regarding a specific task while working collabo-
ratively with humans. An algorithm proposed in [47] aims
to predict human intentions and use that information to plan
robot trajectory and coordinate the human-robot collaboration.
Another approach followed by [48] is to learn the optimal
handover location for people with limited arm mobility. The
researchers gathered data from 259 users to better understand
their preferences in handover configuration by identifying each
individual’s most convenient handover configuration. In [2],
a human-in-the-loop robotic system for collaborative assembly
is studied by exploring the subtask distribution between robot
and human.

D. Bimanual Object Handover

Although the literature has examined a range of real-
istic handover scenarios, bimanual object handovers have
received less extensive investigation. A bidirectional bimanual
human-robot handover system is designed in [3] for pass-
ing over a large planar object with a vertical posture. The
researchers applied a position adjustment mechanism for the
human-robot handover system using a dual-arm admittance
neural network controller. For the human-to-robot object han-
dover phase, they used QR codes on the object for localization.
However, their perception system did not take advantage of
the receiver’s pose to hand over the object directly to the
human operator’s hands. Another comprehensive research in
the domain of bimanual object handovers was conducted
by [49], which adopted a learning-based approach to the
problem. They utilized online updating probabilistic models
to learn the beginning of the handover positions and tasks.
They also benefited from two perception sensors fixed to the
ground.

III. METHODOLOGY

In the following paragraphs, we present the perception mod-
ule for extracting human pose, the calibration between sensor
frames and robot frame, as well as the occlusion-resistant

Robot Controller

Flow diagram of the proposed method including submodules of perception module, calibration, data fusion algorithms, online planner according to

multi-sensor data fusion, including proposed noise estimation
and data fusion techniques. We subsequently present the
robot control strategy, and the handover strategy for involving
human preferences in robot-to-human object handover. A flow
diagram of this method with the mentioned submodules is
depicted in Fig. 3.

A. Perception Module

In order to perform handover, the human pose is extracted
via Microsoft Azure Kinect sensors. Microsoft Azure Kinect
sensors are chosen for their remarkable adaptability to a broad
range of environmental conditions, as well as their demon-
strated efficacy in recognizing human postures, even when
faced with partial occlusions [50]. Azure Kinect Software
Development Kit (SDK) version 1.4 and Azure Kinect Body
Tracking SDK version 1.1 with narrow field-of-view depth
mode used as human pose extraction software. A skeleton
overlaying the human pose is tracked in real-time containing
32 major joints.* The utilized body pose tracking algorithm
works within operating range of 0.5 - 3.86 [m] with a random
error standard deviation < 17 [mm], typical systematic error
< 11 [mm] 4 0.1% of distance and it can run up to 30 FPS.J

The objective of this paper is to perform a bimanual
handover directly to the hands of the human recipient. There-
fore, we are interested in hand poses. The poses of hand
measurements are notated with respect to the sensor’s frame
as 5T y,; where (H,i : i = {left, right}) represents left and
right hands, and (S, j : j = {1, 2}) denotes first and second
Sensors.

B. Calibration

The first step in the data fusion and sensor integration for
HRI is the calibration of different reference frames. Each
sensor produces measurements in its own reference frame,
while the robot controller requires inputs in the robot’s refer-
ence frame. Therefore, initially, the two Kinects are calibrated
with respect to each other, and then hand-eye calibration is
performed between the sensor and robot reference frames.
These reference frames are represented in Fig. 4.

“https://docs.microsoft.com/en-us/azure/kinect-dk/body-joints
Shttps://docs.microsoft.com/en-us/azure/kinect-dk/hardware-specification
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i

Fig. 4. Experimental setup for naturalistic object handover of the big-sized
box bimanual handover from robot-to-human while the human is standing on
the ladder, annotated with the defined coordinate systems.

1) Calibration Between Sensors: In order to calibrate the
sensors, a two-minute data acquisition session is held while
tracking the body pose from both sensors. During this session,
the human operator freely moved in the working space and per-
formed a variety of random motions. Position data of 32 joints
are recorded from the two sensors, and pre-processing is done
to combine the data when both sensors can detect body pose
clearly. Then, this dataset is used to find the calibration matrix
(5'Ts,) between sensors by using Horn’s Method [51]. This
calibration matrix is used to calibrate the hand measurements
from the first Kinect sensor (5! T 5 ;) and second Kinect sensor
(52T ;). By using this calibration matrix, hand estimates from
the second Kinect sensor are calibrated to the first Kinect
sensor reference frame as follows:

STy =5"Tsy Ty, (1)

Finally, hand measurements from the first Kinect (5!'T ;)
and the second Kinect calibrated to the first Kinect reference
frame (SI?H,,-) are used for data fusion as they refer to the
same reference frame.

2) Hand-Eye Calibration: Although calibration between
sensors is sufficient for data fusion, hand-eye calibration is
needed to generate commands in the robot’s reference frame.
To achieve this, the depth vision (point cloud) generated by
the first sensor is used. The point cloud is utilized to identify
the corresponding point to the end effector position (p3y),
and the end effector position is also recorded using forward
kinematics from the robot frame (p%X.). 20 data points for
hand-eye calibration are collected with this method, and
Nelder-Mead method [52] is used to find the calibration matrix
(RT ) between robot and sensor 1 reference frame. Finally,
hand estimations are transferred to robot frame (RT ;) for

the first and second Kinect, respectively, as:
ATy ="Tg *'Ty,

ATy =RTg S'Ts, 2Ty, )

C. Data Fusion

In this paper, a method to estimate noise in the body
pose tracking data is proposed. This information is utilized
to improve sensor fusion, especially in terms of resilience
to occlusions. The noise estimation algorithm predicts the
confidence of the measurements as a weight for the specific
sensor data, where a higher weight indicates higher reliability.

1) Noise Estimation: To estimate the noise, two metrics
are utilized: 1) tracking existence and 2) jerk of the data.
The tracking existence part checks if the tracking data is
available by controlling whether the received information is
null or the same as the previous instance. This algorithm
generates a parameter named (occlusion®’ € {0}, {1}) where
(j = {1,2}) is the sensor index. If tracking is available,
then the corresponding tracking existence parameter will be
zero (occlusion>) = 0) and vice versa, when body pose can
not be generated, the corresponding parameter will be one
(occlusion®? = 1).

The second part of the algorithm computes the jerk of the
hand (Jerkfi‘fi) data for both sensors (j = {1,2}) and both
hands (i = {1, 2}). Then, the norm of the jerk data for each
sensor (||Jerki,’”i | is calculated and saturated as ||Je~rk§;fi |l e
[0, @]. o value is selected based on our experiences for the
defined function ||Jerkf,’fi||/a € [0, 1] to be equal to 1 when
there is a critical amount of high jerk occurs, indicating
unreliable measurements. Jerk information in the data is used
to give more weight to a sensor that generates more precise
measurements, and even more crucially, flickering starts just
before the occlusion happens, and it results in very high
jerks. In this way, the estimation of an occlusion even before
the SDK generates null information is possible, thus making
the handover transfer more robust. Finally, noise estimation
module generates weights (w; € [0, 1]) for eagh sensor
(j = 1,2) based on the (occlusion>’ and (Jerkf,’fi) metrics
using the proposed function:

wj = |1—max(||Je~rki;£»||/ot, occlusion)| 3)

2) Sensor Fusion: The hand pose data is extracted, and
the measurement confidence is computed for each sensor in
the previous noise estimation section. In this module, the
utilization of weighted averaging is proposed to fuse the sensor
data of the tracked joint positions with the computed sensor
weights:

w1 R w»y R

R
Py i = ———Ph P, (4)
Hi fusea wy + wy Hi 51 w + wy Hi s>

This fusion equation gives more weight to the sensor with
higher measurement confidence. But, more importantly, when
there is an occlusion in one sensor, corresponding measure-
ment confidence will return null (w; = 0), and the sensor
fusion algorithm will continue to estimate body pose using
the data from the other sensor. Moreover, the solution will not
be feasible if tracking data is not available (w; + wy, = 0).
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However, this would not affect our method because robot
control will be enabled only if at least one sensor can
track the human pose with a determined confidence threshold
(w; > 0.5).

Henceforth, the fused left hand palm position will be
denoted as (xy;), and the fused right hand palm position will
be denoted as (x g ) for simplicity in the next sections.

D. Robot Control

In this handover research, where bimanual object manip-
ulation is performed and the handover location is updated
during the handover phase, a reliable controller for the robot
manipulators is required. Due to the nature of bimanual action,
synchronized motion is essential for both arms with minimum
error. For this reason, a PD + gravity Cartesian space controller
and an improved orientation controller that benefits from the
unit quaternion approach to endure singularities are utilized.

1) PD + Gravity Cartesian Space Controller: The robot
dynamical model can be written as follows:

M(q)g +C(q,q)q + g(q) — 1. = ¢ (5)

where ¢ € R" is the joint values vector, M(q) € R™™" is
the inertia matrix, C(q,q) € R"*" is a matrix representing
the Coriolis and Centrifugal effects, and g(q) € R" is the
vector of gravity torques. u € R" represent the control torques
The torque vectors ¢ € R" and 7, € R" represent the
control torques and the external disturbance torque vectors,
respectively. Controller is designed based on the computed
error (e) for both position (e,) and orientation error (e,) as:

e
ez[;} ©)

where error (e,) is defined between desired position (x4) and
current position (x.) of the end effector:

e, =Xx4— X, @)

Moreover, the orientation error is derived using unit quater-
nions, which are explained in detail in the next section. Finally,
PD + gravity Cartesian space controller is designed as given
in Fig. 3. The derivative term of the controller is only applied
to output (x4, = 0) as in P-D structure to stabilize the motion.
The corresponding control law can be written as follows:

.=g(q@)+J (@K, e— JH(@QKsé, 8)

In the application case, the Baxter robot (Rethink Robotics,
Bochum, Germany), which is robot with two 7-degrees-of-
freedom (DOF) arms has been used. To handle kinematic
redundancy, the right (Moore Penrose) pseudo-inverse of the
Jacobian matrix (J¥(g)) is used in the controller with the
objective of optimizing the cost function of the joint velocities.

2) Orientation Controller - Unit Quaternion Approach:
The orientation of the robot is defined with a rotation matrix
by using 9 parameters and 6 orthonormal constraints, which
satisfy orthogonality and unit length conditions [53]. However,
there is a need to convert this rotation matrix to another
controllable version. For this reason, first, we tested an Euler
matrix representation, which could not achieve stable motion

due to the singularities that are frequently present in our robot
configuration. Therefore, an alternative definition is employed
by resorting to a four-parameter singularity-free representation

through unit quaternion. Unit quaternion (U, = {n, €}) is
defined as:
n=-cosfH/2 “
€ =sinf/2r (10)

where 0 and r are respectively the rotation and the (3 x 1)
unit vector of an equivalent angle/axis orientation description.
In order to utilize quaternions to compute errors, a method
introduced in [54] was applied. Orientation error (e, € R?)
by utilizing unit quaternions is computed as:

(1)

where 7. and €.(q) denotes current orientation representation
for unit quaternion (U, . = {7, €.}), and n,; and €; denotes
desired orientation representation for unit quaternion (U, 4 =
{n4, €4}), respectively. Once the orientation error is computed
(e,), the orientation controller could be applied in accordance
with the eq. (6) and (8).

e, =nc(q)eq — ni€c(q) — €q X €.(q)

E. Handover Strategy

In order to enhance the human experience, this paper
proposes an adaptive handover strategy that takes into consid-
eration the human preferences for handing over the box from
robot-to-human. Additionally, the handover location is updated
by employing the occlusion-robust perception module.

1) Human Preference Based Handover Strategy: Two
modes are introduced to design a handover strategy consid-
ering the posture of the human partner:

A) When the hands are pointing upward, it indicates that
the human operator wants to grasp the box from below.
Therefore, the robot follows the handover strategy,
where it delivers the box from above the hands.

B) When the hands are pointing downward, it indicates that
the receiver wants to hold the box from above, and the
robot executes the handover of the box from below the
hands.

Handover location is determined based on the hands’ pose
information, the measurement confidence of the sensor, and
the dimensions of the handover object. The mathematical
notations are shown in Fig. 5.

To find the handover location, initially, the center (x ) of
the left (xp ;) and right (x g ) hands location is computed:

Xu,+x

Xpe= THr T XHI (12)

2
Moreover, relative orientation of the hands is included via
direction vector from left to right hand (d), respectively:

_ XHr —XH]
e, —xmll

However, we have to constrain the z-axis as a simplification

for keeping the balance of the box:

dyy = [dy d, 0]

13)

(14)
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Preference 1 Bimanual

Robot

Fig. 5. Schema of the studied handover scenario with the annotated
mathematical notations.

Correspondingly, the orthogonal unit vector between the
z-axis of the ground (k) and the constrained hand direction
unit vector (d,,) is computed to find offset unit vector (9),
and 10 [cm] offset is applied for the easiness of grasping:

0=kxd,,
0 =

100 15)

To determine the handover location, horizontal length (/},)
and vertical length (/,) of the box are considered. When hands
are facing downwards, the handover location is calculated as:

XR1=XH, +dxy lh/2 +o

XR,r :xH,c_dxy lh/2+0 (16)

On the other hand, when hands are pointing upside, the
handover location is computed as:

XR1=XH, + dxy lh/2 +o0 +lv

—dy )2+ 041, (17)

XRr =XH,

Additionally, the handover orientation is adjusted accord-
ingly. Before concluding the desired position (x;) for left
and right robotic manipulators, motion planning is required
to synchronize the motion of both arms to carry the object
without causing damage. For this purpose, we follow the
leader-follower strategy as employed in [55], where one
manipulator is considered as the leader, and the other follows
the trajectory acquired from the leader’s trajectory. In order
to derive the follower’s trajectory, the transformation between
the left and right robotic arm when the object is picked up
RelT R,.r) in the first phase is stored in the robot frame, where
p index represents pickup, R is robot frame, [ and r are left
and right robotic arms. Using this information, the trajectory of
the follower arm can be computed based on which manipulator
is to be estimated.

A hand with higher confidence is used to determine which
arm will be the leader. To illustrate this, if the right hand had
higher measurement confidence, then the corresponding left
robotic manipulator is determined to be a leader. Conversely,
if the left hand had higher confidence, then the right robotic
manipulator would be the leader. It is worth noting that hands’
orientation information received by the perception module
is utilized to determine the mode of the handover strategy,

Algorithm 1 Pseudo Code of the Proposed Framework

function SENSOR FUSION CALLBACK(S/T ;. 5T i)
> Read sensor data for hand poses 5Ty ;, 5/ Ty, <
w; < fIT ) > Compute measurement confidences
if min(w; > 0.5) then
t Pf;l.,,“m, «~ f(w;)
return x,; = pl’fl,».fu.\ed
function PREPARE_ROBOT(handover_state)
procedure ENABLE_ROBOT ()
if handover_state == “initialize” then
Pickup_object()
BolT g, » < (RTg,1)"" RT g, , & Record transfor-
mation between arms for leader-follower method
L Bring_object() > approach to human by mobile base
while handover_in_action AND min(w; > 0.5) do
if hands_looking_upward then
‘ XR1,XRr < f(xH,Cﬂ dxy» lh/za o, RPJTR,,,r)
else if hands_looking_downward then
L XRI, XRr < f(xH,Cs dxy, lh/zv o, lvv RPJTR,,J')
s(t) < f(xri, XRr€) > Update online trajectory
if min(w; < 0.5) then
L XR, XR,, < returnpase,osition()
break > wait until hands are detected again
if max(xu, —xrill, X5, — Xpsl) < 2[cm] then
| deliver_object()

> Fuse data using confidences

whereas the position information of the hands is utilized to
define the handover location.

2) Online Handover Location Update: One of the sig-
nificant contributions of our approach is the online update
of handover location throughout the process, even in the
presence of occlusions. These occlusions are caused by the
big handover item, manipulators, and complex environment.
However, the proposed occlusion resilient multi-sensor data
fusion module overcomes occlusions by utilizing improved
multi-sensor fields of view. As a result, the robot can still
follow and successfully deliver the item, even if the human
partner changes location and orientation of the hands. Con-
tinuous estimations of hands pose information (xpy.) and
measurement confidence weights (w;) are acquired online to
update the handover location. Algorithm 1 demonstrates the
framework.

IV. EXPERIMENTS
A. Experimental Setup

To simulate a naturalistic environment for object handover,
a bimanual handover of a large object from robot-to-human is
performed while the human partner stands on a ladder to place
the box on a shelf and awaits the box from the robot. Since
bimanual manipulation is required for carrying the object,
it is not safe for humans to climb without holding the ladder
supports. Also, the robot cannot directly place the object on
the shelf due to working space limitations. Therefore, the robot
should bring the box to the human to place it on the shelf.
A box with dimensions of (45 x 35 x 25) [cm] is used as an
object. Baxter robot (Rethink Robotics, Bochum, Germany),
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Experiment -1

Experiment -3 Experiment — 2

Experiment — 4

Fig. 6. Four sets of experiments while hands are facing Exp-1) downward,
so the object is delivered beneath the hands; Exp-2) upward, so the object
is delivered above the hands; Exp-3) similar approach with Exp-1 but
handover location changed significantly during the operation; and Exp-4)
similar approach with Exp-2 but handover location changed substantially
during the procedure.

a dual-arm robotic manipulator, is used with a Ridgeback
mobile base (Clearpath Robotics, Ontario, Canada) and two
dual-finger grippers (Robotiq, Lévis, Canada).

B. Experiment Protocol

A set of four experiments involving different human pref-
erences and significant handover location changes during the
action were tested, as illustrated in Fig. 6.

1) Downward: receiver’s hands are pointing downward,
and correspondingly object is delivered from below the
hands.

2) Upward: receiver’s hands are pointing upward, and cor-
respondingly object is delivered from above the hands.

3) Location updated downward: it starts the same with the
downward case, but this time, the receiver changes the
handover location in the middle of the process.

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING
IEEE Transactions on Automation Science and Engineering (T-ASE) paper, presented at ICRA 2024, Yokohama, Japan.
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Fig. 7. Validation session trajectories for left hand’s palm position estimated
by sensor 1 (S1) and sensor 2 (S2) in robot’s reference frame after the
calibration between sensors (with an RMSE of 0.0241 [m]) and hand-eye
calibration (with an RMSE of 0.0167 [m]). The likelihood of trajectories
(RMS of Euclidean distance between calibrated measurements equals 0.0282
[m]) indicates successful calibration.

4) Location updated upward: it starts the same with the
upward case, but this time, the receiver changes the
handover location in the middle of the process.

Each task was performed for 30 repetitions, and a
multi-sensor fusion technique was compared to a single sensor
application of the top sensor (S1) and bottom sensor (S2),
as well as a simple average method of both sensors. In total,
480 experiments were conducted, including these four scenar-
ios.

V. RESULTS
A. Calibration

Root mean square error (RMSE) of calibration between
one sensor data and other calibrated sensor data is achieved
as (0.0105,0.0095,0.0152) [m] in (X,y,z) and 0.0241 [m] in
Euclidean distance. Calibrated sensor 1 data (SITH,i) and
sensor 2 data (52T ;) are presented in the Fig. 7 for (x,y,z).

On the other hand, RMSE of the hand-eye calibra-
tion between calibrated sensor estimation of end-effector
position and measured end-effector position is acquired as
(0.0050,0.0060, 0.0129) [m] in (x,y,z) and 0.0167 [m] in
Euclidean distance.

B. Data Fusion

The data fusion algorithm estimates confidence values for
sensors and combines this data to overcome occlusion prob-
lems mainly. To illustrate this, data related to the left hand
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Fig. 8. The resulting estimations of the left hand’s palm position during

experiments from sensor 1 (S1), sensor 2 (S2), and sensor fusion estimates
(Sf), followed by computed sensor weights (W1 and W2 for S1 and S2,
respectively) for data fusion. In experiments, occlusion occurs from the S2
perspective, as indicated in the figure. Accordingly, the weight of the second
sensor (W2) begins to signal unreliable estimations due to the presence of a
high jerk even before occlusion occurs, and eventually, W2 reaches zero due
to the occlusion. As a result, weighted average-based data fusion formulations
rely more on the sensors with higher measurement confidence and provide
continuous hand estimations even when one sensor is completely occluded.

position during occlusion occurs for sensor 2 (S2) are shown
in Fig. 8. The figure plots the calibrated sensor data and the
fused data regarding the left hand’s palm position, along with
computed weights for each sensor.

C. Robot Control

Initially, compliant motion with the leader-follower control
structure is tested while carrying the box. A circular trajectory
in space is given as input to the leader (left manipulator
selected as a leader in this experiment), and the correspond-
ing trajectory for the follower (right manipulator selected
as a follower for this demonstration) is computed by using
the fixed transformation matrix between two end effectors.
The resulting trajectories are shown in Fig. 9. RMSE of the
tracking performance is computed as 1.77 [cm] for the leader
and 1.82 [cm] for the follower manipulator.

Furthermore, to illustrate the benefit of the handover loca-
tion update, the results from experiment-3 are plotted in

==K
Tdesired

o
current

x[m]

Fig. 9. Trajectory control results from the bimanual manipulation under
compliant motion restrictions with a leader-follower control structure. The
left manipulator (blue line) acts as the leader in this scenario, and the
right manipulator (red line) is selected as the follower manipulator for this
demonstration.

Handover location
changes significantly

Handover
initiates

Object is delivered successfully
Robot returns to default position

0.7 T

X [m]

24 25 26 27

0.5 !
20

Y [m]

time! [sec]

0.6 T

22 23] 24 25 26 27
time [sec]

Fig. 10. Robot control trajectories for experiment-3 together with the desired
(x4) and current (x.) position for the left robotic arm. After the handover
was initiated, the handover location changed significantly during the action,
requiring the robot to alter its trajectories for the handover to be successful.

Fig. 10 along with the desired and current position for the
end effector of the left robotic arm. In this figure, it can be
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TABLE I

HANDOVER PERFORMANCE COMPARISON OF THE FOUR SETS OF EXPERIMENTS FOR I) S1: SINGLE SENSOR INPUT OF THE FIRST SENSOR (TOP SENSOR),
I1) S2: SINGLE SENSOR INPUT OF THE SECOND SENSOR (BOTTOM SENSOR), I1I) AVG (S1, S2): SIMPLE AVERAGING OF DATA COLLECTED
FROM BOTH SENSORS, IV) SF: PROPOSED MULTI-SENSOR FUSION SYSTEM. A HANDOVER SUCCESS RATE AND CORRESPONDING
HANDOVER DURATION IN SECONDS WITH A 95% CONFIDENCE INTERVAL ARE REPORTED FOR 30 REPETITIONS PER SCENARIO
(480 EXPERIMENTS IN TOTAL).BOLD HIGHLIGHTED BLOCKS REPRESENT THE STRENGTHS OF THAT TECHNIQUE

Handover Success Rate [%] Handover Duration [sec]
Method Exp-1 | Exp-2 | Exp-3 | Exp-4 Exp -1 Exp -2 Exp -3 Exp - 4
S1 96.7 16.7 90.0 0.0 3.02 £+ 0.33 3.77 £ 2.50 | 3.69 + 0.28 No Data
S2 26.7 93.3 0.0 90.0 7.20+ 0.46 4.09+1.39 No Data 3.84+0.90
Avg (S1,S2) 60.0 40.0 6.7 0.0 4.32+ 0.65 5.39+0.8 9.55+2.3 No Data
St 96.7 90.0 96.7 86.7 3.18+ 043 | 3.53 £ 0.99 | 3.88+ 0.42 3.05 £+ 0.63

seen that the handover location moves from the initial location
by approximately 0.1 [m] in the X direction, slightly in the
Y direction, and 0.05 [m] in the Z direction of the robot
reference frame. Furthermore, as shown in the accompanying
figure, the object is delivered when the difference between
the targeted handover location and the current robot position
reaches a certain threshold.

D. Handover Experiments

For comparison of the proposed methodology, a bimanual
object handover framework is tested with 1) only using a top
sensor (S1), 2) only using a bottom sensor (S1), 3) simple
averaging of both sensors, and 4) proposed sensor fusion.
Handover success rate and handover duration are reported in
TABLE I for each experiment and each method (30 repetitions
for each case, 480 repetitions in total). It can be seen that
the proposed sensor fusion algorithm brings the strengths
of sensors from different perspectives and allows for the
successful delivery of large-sized objects under occlusion.

VI. CONCLUSION AND FUTURE WORKS

In this article, we introduced a multi-sensor fusion tech-
nique supported by the proposed data fusion algorithms to
achieve robot-to-human object handover in complex scenarios.
Particularly, the case of handling a large object that requires
bimanual manipulation in a naturalistic setup, such as when the
operator is standing on a ladder, which is challenging in terms
of perception limitations, is studied. To achieve this, a multi-
sensor system using two depth cameras from different fields
of view has been designed. Measurement confidence based on
the jerk and data existence is computed to handle the occlusion
in challenging environments. A data fusion algorithm is sug-
gested to combine the sensor data with maximizing robustness.
Finally, a Cartesian space controller is developed and utilized
to complete the handover aim.

30 repetitions were performed for each of the 4 experiments
(considering handover preferences and dynamic handover
location) and 4 comparison methods, including raw single
sensor input from the top sensor, raw single sensor input from
the bottom sensor, simple averaging of the two sensor data, and
the proposed multi-sensor fusion method. A simple averaging
technique was able to combine the strengths of both sensors by

sacrificing the handover success rate. However, it was not able
to tolerate handover location alterations during the operation
(Exp - 3 and Exp - 4), and also success rate was significantly
lower than the proposed sensor fusion technique. Results
showed that the proposed method fuses the strengths of both
sensor fields of view, and accomplishes handover accuracy
above 86.7% for all scenarios without sacrificing handover
duration and adaptability to handover location adaptability.

This paper contributes to the literature by proposing a
new sensor fusion framework that is resilient to occlusions,
designing an online handover location incorporating the hands’
location. The generic algorithms and frameworks introduced
in this paper could be easily extended to different sensors,
robots, and scenarios.

Limitations of this study are: i) The system depends on
Azure Kinect’s human pose detection capability since human
pose tracking data is used as an input to the fusion system.
Better utilization of different fields of view could be done
by training a new human pose estimation algorithm based
on the combined figure by utilizing advanced deep learning
algorithms [56]. Another improvement could be made by
uniting point clouds and using a point cloud-based detection
algorithm [57]. ii) Success of the transfer phase is not detected.
Object delivery is attempted when the object is 2 [cm] away
from the desired point. Further work can be introduced to
achieve smooth and guaranteed transfer, for example, utilizing
force sensors. iii) Grasping technique is demonstrated only on
this large object, and different objects will be tested in the
subsequent work. Grasping techniques from recent computer
vision studies can drastically improve the system’s adaptabil-
ity. In future works, we aim to study Bayesian methods to
improve the precision of the data estimations. Additionally,
various natural setups and other scenarios could be tested.
Finally, more advanced control techniques, such as admittance
control, could be utilized to improve the object handover
experience.
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