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Abstract—A crucial aspect of human-robot collaboration in-
volves the robot’s ability to safely perform handovers of objects
to be used by the operator. In this study, we introduce two
complementary frameworks designed to execute every stage of
a robot-to-human handover process, using only RGB-D input
data. The first framework employs a machine learning model,
trained on a custom real-world dataset, to detect objects and
their parts’ affordances. Affordance is encoded using a novel
representation based on keypoints, which are utilized to model
hazardous sections of objects and plan appropriate grasps.
The second framework tracks hand movements to dynamically
determine handover locations, while enforcing safety protocols to
prevent exposure of dangerous object parts during the movement.
Additionally, it ensures correct object orientation upon delivery,
presenting the object handle to the human. The effectiveness of
the proposed solution has been successfully validated through
testing on a real mobile manipulator.

Index Terms—Mobile manipulation, task-oriented object
grasping and handover, affordance, robot-to-human handover,
human-robot collaboration.

I. INTRODUCTION

Many human-robot assistive applications rely on the robot’s
capabilities to hand over objects to humans. Some real-world
applications include assisting people with motor disabilities or
handing the right tools to a worker.

In most human-robot assistive applications, the goal of
robots handing over the items to humans is to facilitate the lat-
ter to perform specific tasks. This is referred to as task-oriented
handover. A comprehensive review of robot handover [1] and
an in-depth study [2] revealed gaps in implementing task-
oriented grasping and handovers. Currently, this remains an
actively researched area, as evidenced in [3].

In human interactions for exchanging items, it is a common
practice for the one that delivers the object to offer the most
convenient part to grip, like the handle [4], to the receiver, so
the latter can comfortably hold it for later use. Additionally,
some objects have hazardous components, such as sharp edges
or blades, so it is crucial to prevent any harm to the receiver.
To replicate this behavior, the robot needs to plan suitable
ways to grasp objects and deliver them with the correct
handover orientation, allowing comfortable and efficient use
of the object after the handover.

The object handover orientation can be learned from real-
life handovers [5]. However, a recent study [6] has shown that
leveraging information about the affordances of object parts
can yield similar results.

In a general-purpose application, the robot needs to au-
tonomously and safely grasp novel objects from a class of

manipulable objects. Grasps should be performed with mini-
mal prior information, without relying on object 3D models
or complex sensors. Moreover, the grasp of a robot has an
influence on the one performed by the human [7]. Affordance
estimation can be used to determine which object’s parts
should be left unoccupied for human interaction.

Another crucial aspect of handover planning takes into
account natural interactions while operating efficiently. During
human interactions, there exists a sequence of implicit and
explicit communication signals, both verbal and non-verbal.
These signals enable individuals to identify the different
phases of the exchange from beginning to end, contributing
to the natural flow of interaction.

Recent advancements in machine learning (ML) for com-
puter vision and robotics have enabled the development of
highly effective tools for tracking human movements, model-
ing objects, and planning grasps [3].

This paper introduces two main contributions compared
to the state of the art, overviewed in Section II. Firstly,
it proposes a novel approach for the use of a single ML
network capable of conducting object detection, affordance
and grasp pose estimation for objects from a single RGB-
D image of a cluttered scene. This is facilitated by the
proposed representation of affordance, utilizing keypoints to
easily model object handles and hazardous parts. Secondly, it
presents an end-to-end solution, designed to execute all stages
of a task-oriented handover process with a focus on safety.
This solution leverages hand tracking and affordance to plan
grasp and handover poses. Also, it introduces a gesture-based
system to initiate the handover.

In particular, the proposed solution employs two neural
networks. The first one, as already stated, is used to iden-
tify objects, model their hazardous components and plan
grasps. Meanwhile the second network manages hand tracking
and recognizes gestures. This setup allows the robot to au-
tonomously and safely pick up objects and hand them over to
humans with the proper orientation. The developed solution is
adaptable and can function as a module within more complex
applications.

The proposed architecture, which is developed for low-
resource mobile agents using a distributed setting, is intro-
duced in Section III, after the analysis of the state of the art in
Section II. The two complementary frameworks that constitute
the proposed solution are described in Sections IV and V,
which are devoted to affordance detection and pose estimation,
and to safe handover, respectively. Section VI illustrates the
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experimental setup and reports the results of the carried-out
tests. Finally, Section VII draws some conclusions and open
issues for possible future works.

II. RELATED WORKS

In early work on task-oriented robot-to-human handovers,
robots were not fully autonomous and could work on a limited
number of previously seen objects. For instance, a 3D model of
the object was obtained from a laser scan, and the handover
orientation was computed based on the choice of a human
operator [8], [9].

More recent studies have proposed different solutions to
automate the computation of object orientations. A possibility
is to learn from human-to-human handover [5] or demonstra-
tions from tool usability [10]. In other approaches, appropriate
information is extracted from the manipulable object. In [11],
the authors use the information on human grasps [12], together
with a 3D model of the object and real-time hand tracking [13]
to plan the object grasp and subsequent delivery. In [6],
the authors use a neural network to extract information on
an object’s part affordance and plan handovers accordingly.
They show that affordance-based methods can have similar
performance as learning from real demonstrations.

The affordance-based approach is ideal to develop a non-
specific solution that enables the robot to manipulate a wide
variety of objects. In this application, affordance refers to
the intuitive use of object parts. In that way, the robot can
recognize the object’s dangerous parts and those that are useful
for human grasping. Several ML-based techniques exist for
visual affordance estimation, mainly based on RGB inputs [14]
or point cloud data [15].

Planning how to grasp objects is essential for handing them
over during tasks. Thanks to advancements in ML, it is now
simpler to grasp new and unseen objects using RGB-D data.
There are networks dedicated to estimate object poses from
RGB data [16], as well as complete end-to-end frameworks for
object-agnostic grasping, such as the ones presented in [17]
and [18]. These methods can work alongside networks that
estimate object affordances. Additionally, there are grasping
solutions that already consider object affordances during the
planning process [19].

The main limitation of ML for grasping and affordance esti-
mation is the need for complex datasets. These are challenging
to construct and annotate, leading to the training of many
models using synthetic data, such as in [20].

The robot needs also to identify the target object and
then to carry out the delivery at a convenient location for
the human. One of the most used algorithms for detecting
objects is YOLO [21], while the handover location can be
determined by tracking the position of the human hand, e.g.,
using Mediapipe [13]. In particular, Mediapipe allows real-
time hand tracking from RGB images, as well as gesture
recognition, providing a way to command the robot.

III. THE PROPOSED ARCHITECTURE

The aim of the paper is to enable a mobile manipulator to
grasp an object from a cluttered scene and deliver it safely
to a human, implementing some functionalities envisioned
in [22]. Preliminary results are presented in [23], whose code
is available in [24]. The robot can sense the environment with
a single RGB-D camera. The grasps are performed by a 6-
DOF robotic arm with a parallel gripper.

The general working process is summarized in Figure 1. In
particular, two complementary frameworks are proposed:

• The affordance and grasp pose estimation framework
leverages ML and a novel affordance representation based
on keypoints, to extract information about the dangerous
parts of an object and plan its grasp accordingly. YOLOv8
Pose model is employed to detect an object and, at the
same time, estimate both its position and its affordance
from a single-view RGB-D image. The grasp pose is
implicitly estimated together with affordance.

• The safe handover framework uses MediaPipe. It enables
the robot to dynamically track the human hand to plan
handovers that (i) prioritize safety, (ii) are predictable,
and (iii) feel natural. Also, hand gesture classification is
used to give commands to the robot.

IV. AFFORDANCE DETECTION AND POSE ESTIMATION

The affordance information is used to model the orientation
of the object’s hazardous part and its handle. In this way, the
robot can perform the handover while keeping the object in a

Fig. 1: The overall workflow of the two proposed frameworks.



suitable position, facilitating the subsequent use of the object
by the human.

Three affordance labels have been defined: danger, handle,
grasp. Danger refers to the part of the object used to perform
some kind of work, which can represent a threat to the human.
Handle refers to the object part used by humans to hold it.
Grasp indicates the part best suited for robot grasping. Figure
2 (a) shows the resulting affordance mask for a knife.

Fig. 2: (a) Affordance mask and (b) affordance keypoints of
a knife. Red, green, and yellow marks refer to danger, grasp
and handle affordances, respectively.

A. Affordance keypoints
A novel approach for affordance encoding is proposed. The

object affordance is represented in a compact way with a
keypoint for each affordance label. These keypoints can be
obtained from the affordance mask as the average of the
coordinates of all pixels that have the same affordance label.
Given the coordinates (u, v) of a pixel in the image frame,
an affordance function P (u, v) is introduced that associates to
the pixel its affordance label among the n predefined ones:

P (u, v) = i, i = 1, . . . , n (1)

In our case, three affordance labels have been defined, with i =
1, 2, 3, corresponding to danger, handle, grasp, respectively.
The pixels are regrouped in n sets Ai, i = 1, . . . , n, of Ni

elements each, according to their affordance label:

Ai = {(u, v) : P (u, v) = i} (2)

Then, the coordinates of the keypoint (ūi, v̄i) of each set are
computed as:

ūi =
1

Ni

∑
(u,v)∈Ai

u, v̄i =
1

Ni

∑
(u,v)∈Ai

v, (3)

The resulting keypoints are shown in Figure 2 (b) in the
case of a knife.

B. Affordance keypoint estimation network
The estimation of the affordance keypoints is performed

using ML over an RGB image of the scene. The network in use
is YOLOv8 Pose model, adapted to suit the application needs.
The network performs bounding box detection and keypoints
estimation at the same time. Together with the bounding box
parameters, the output encodes the keypoints as a matrix K ∈
Rk×d, where k is the number of keypoints (ūi, v̄i) and d is
the dimension of each keypoint. In our case k = 3 (number of
affordance labels) and d = 2, since we assume each keypoint
to be always visible.

C. Dataset
YOLOv8 Pose model was trained on a custom dataset

created from scratch. The dataset contains 7 object classes,
featuring common household objects: razors, paintbrushes,
hairbrushes, pens, lighters, screwdrivers and knives. The
dataset was built by taking RGB pictures of real objects with
an Intel RealSense D435 camera. Each image was manually
annotated with the 3 affordance labels using a custom-made
tool, and the keypoints were computed as in (3). Since the
process of manual image acquisition and annotation was very
time-consuming, the dataset was augmented with synthetic
images. These images were generated by capturing a photo
and employing an ML algorithm to replace the background.
Additionally, the visual quality of the resulting images was
randomly altered.

D. Affordance-based object modeling and grasp pose estima-
tion

The objects, which the robot is designed to interact with,
can be modeled as boxes, as shown in Figure 3 (a). The
object’s dangerous and handle parts are located on opposite
sides along the box’s major axis. The boxes’ dimensions are
fixed and are based on the average dimensions of manipulable
objects. The length of the major axis can be optionally ob-
tained as the length of the bounding box’s diagonal, projected
into three-dimensional space. These approximations will be
accounted for during the handover planning by introducing
safety offsets in the planned path. The orientation of the box’s
major axis is obtained from the three-dimensional projection
of the grasp keypoints. Therefore, the affordance keypoints
implicitly describe the grasp pose. The projection is performed
by transforming the keypoints coordinates from the image
frame to the camera frame, using the pinhole camera model.
The camera frame has origin in the center of the camera
focal plane, and axes Xc, Yc, Zc. The Xc and Yc axes lays
on the focal plane. The image frame has the origin in the
top left corner of the image, and axes u, v normal to the Zc

axis. Since an RGB-D camera is used, the color information
C(uk, vk) ∈ R3 associated to the k-th pixel can be coupled
with the corresponding value of the depth map D(uk, vk) ∈ R.
Each pixel value of the depth map represents the distance from
the camera to the corresponding point in a scene.

Using the keypoints predicted on the color image and
the corresponding depth map, we describe the transformation
between the two frames as follows:

Zc = D(u, v) (4)

Xc = (u− cx)
Zc

fx
(5)

Yc = (v − cy)
Zc

fy
(6)

where cx, cy, fx and fy are the depth camera intrinsic param-
eters. Parameters fx and fy are the focal lengths expressed in
pixels, while cx and cy indicate the offset in pixels between
the origins of the camera and image frames.

In order to plan the grasp, the world frame is defined
with axes Xw, Yw, Zw. The Xw − Yw plane is aligned with



the ground. The graspable object is supposed to be laying
flat on the ground and a parallel grasp must be performed.
Therefore, the gripper grasp pose is defined by a grasp point
in world coordinates, an orientation angle α corresponding to
the rotation about the Zw axis and the gripper aperture β. The
grasp point is obtained by transforming the grasp keypoint
into the world frame. To determine the gripper orientation,
the vector δ, which connects the grasp keypoint to the danger
keypoint, is calculated; next, the orientation α is computed
as the angle between the projection of δ onto the Xw − Yw

plane and the Yw axis. The gripper aperture β is set as the
maximum width of any graspable object. The gripper grasp
pose is described in Figure 3 (b).

Fig. 3: (a) The object modeled as a box. (b) The gripper grasp
pose.

V. ROBOT-TO-HUMAN HANDOVER

Handover involves the robot and human interacting directly
with each other, so safe and pleasant interaction must be guar-
anteed. The robot is able to plan the handover according to the
current position of the human hand. Additionally, the object
model derived from affordance estimation ensures that the
object’s handle faces the human and that any hazardous part
remains concealed during robot movements. Various handover
poses for different applications can be designed accordingly.

A. Hand pose and gesture recognition

The hand pose estimation, inspired by [11], is performed
using the MediaPipe hand tracking solution. The solution
relies on ML to track 21 hand keypoints from an RGB video
stream. Using the camera intrinsic parameters together with the
depth information, it is possible to project the hand keypoints
into the 3D space (see Section IV-D), thus obtaining the
position vector of each keypoint hm, for m = 1, . . . , 21,
in the world reference frame. These keypoints, collected in
H = {h1,h2, . . . ,hm}, can be used to model the human
hand as a sphere, as shown in Figure 4, whose center, defining
the hand location, is computed as the geometric center of the
subset Hp ⊂ H , containing only the 6 palm keypoints. The
sphere’s radius is set to approximate the size of an adult human
hand. The orientation of the human hand is determined by
the computation of the plane defined by 3 out of the 6 palm
keypoints. In particular, such a plane is defined by the two
vectors connecting the wrist to the base of the index and pinkie
fingers; the orientation of the normal to the plane indicates
whether the hand palm is facing the camera or not.

MediaPipe also offers the possibility to classify the pre-
dicted hand keypoints into 8 common hand gestures. These
hand gestures can be assigned to various commands, providing
a means of communication with the robot.

Fig. 4: (a) The predicted hand keypoints over the 2D color
image and (b) the hand model in 3D.

B. Handover path and pose
The handover is performed by bringing the object towards

the current position of the human hand, whose motion is shown
in Figure 5. The robot stops at the handover point located
at a safety distance from the hand. To maximize the robot
reachability, the handover point (red) lays on the line (cyan)
connecting the center of the manipulator’s base to the center of
the sphere representing the hand (green). The handover starts
after the grasp, with the object already brought in the correct
pose for delivery. This pose can be set arbitrarily by using the
object’s box model. A viable delivery’s pose (purple), which
prioritizes safety and human grasp convenience, involves posi-
tioning the object perpendicular to the ground, with the handle
pointing upward and the hazardous part facing downward. This
pose should be maintained throughout the entire duration of
the arm movement, so that the dangerous part is not exposed.
Some path planning constraints are imposed to comply with
the safety requirements: (i) a position constraint is used to
limit the path (yellow) to the line connecting the gripper at the
starting position to the handover point, and (ii) an orientation
constraint is used to allow the gripper only to rotate about the
Zw axis of the world frame. In this way, the object is kept in
the correct pose, while being aligned with the receiver’s hand.

Fig. 5: The handover path and the handover point.

VI. EXPERIMENTAL VALIDATION

Experiments were performed on a LoCoBot WX250 [25],
a mobile manipulator with a 6-DOF robotic arm, a parallel



gripper, an RGB-D camera, and a LIDAR. The robot was
programmed using ROS1 Noetic with the libraries made
available by the robot manufacturer. Motion planning was
performed using the MoveIt! framework, including the motion
constraints. The overall experimental demonstration is avail-
able in a video in [26].

A. YOLOv8 Pose model training and results

YOLOv8 was developed by Ultralytics, which released
a simple Python library for model training and inference.
Training parameters are very customizable, and multiple fea-
ture augmentation options are also available. The model was
trained on the custom dataset, containing 3000 pictures. The
mosaicing feature augmentation option was used to merge
multiple object images into a single one. This approach
ensures that the model can identify multiple objects in the
same picture, even if the original dataset does not contain
images of cluttered scenes. The training was performed with
a batch size of 16 for 210 epochs, with images resized to
640×640 px. In the last 50 epochs, mosaicing was turned off.
The learning rate and loss weights were left at their default
settings.

Because of the limited dataset, there is some overfitting,
making it challenging to accurately evaluate the model’s
performance. So, to prove the effectiveness of the model,
an experiment was designed to showcase performances in a
real-world setting. Some objects were laid on the floor, then
the robot was maneuvered around them to assess how well
it could detect objects and estimate their affordances in real-
time. Figure 6 shows the predicted bounding boxes with object
classes and affordance keypoints.

Fig. 6: Real time prediction of YOLOv8 Pose model. Predic-
tions contain object classes, bounding boxes and affordance
keypoints.

B. Smart grasping

An experiment was designed to prove the effectiveness of
the affordance and grasp pose estimation framework. Different
objects are positioned in front of the robot to be picked up,
and the grasp pose is obtained from a single RGB-D picture.
Figure 7 displays the case of a hairbrush: the picture on the left
shows the 3D projection over the scene’s point cloud, obtained
from the image on the left, in which the three 2D affordance
keypoints have been marked. Figure 8 illustrates how the robot
can leverage this information to adjust its grasp according to
various orientations of the target objects.

Fig. 7: The 2D affordance keypoints and their 3D projection
over the scene’s point cloud.

Fig. 8: Two examples of grasp poses for a screwdriver (left)
and a hairbrush (right).

C. Object delivery

Both frameworks’ capabilities were tested in a compre-
hensive handover experiment: an object is initially placed in
front of the robot, which then grasps it and delivers it to a
human. The implementation involves multiple ROS nodes that
execute the actions detailed in Figure 9. The process begins
with (a) taking a picture of the scene, detecting the object,
and estimating its affordances. Subsequently, (b) the robot
performs the grasp, and (c) moves the object to a safe position,
orienting it with the handle towards the human. Next, (d) the
camera tilts upwards to face the human, and the robot initiates
real-time tracking of the human hand and classification of
gestures. Upon detecting the open palm gesture, (e) the robot
fixes the last known hand position and computes the handover
point. The handover process starts, with the object being
transported to the handover point. Throughout the handover
motion, the robot adheres to safety constraints, following
the path described in Section V-B. Finally, (f) the object is
presented to the human with the correct orientation.

VII. CONCLUSIONS AND FUTURE WORKS

This paper presents a comprehensive system designed for
safe task-oriented handovers. Developed within ROS1, it has
been tested on a low-cost mobile manipulator with limited
computational resources and sensor capabilities. Using an
RGB image, the robot employs the YOLOv8 Pose model to
identify previously unseen objects and estimate their affor-
dance. The affordance is encoded using keypoints, enabling
the creation of a 3D model that considers object handle
placement and hazardous areas. This model guides grasp



Fig. 9: A comprehensive robot-to-human object delivery, with
grasp and handover.

planning and ensures appropriate object orientation during
handover to humans. MediaPipe is used to perform hand
tracking, allowing the robot to adjust delivery based on human
needs. Gesture signals indicate human readiness to receive the
object, and the robot adjusts the handover location, as well
as its movements to prevent contact with hazardous parts.
Future developments may focus on enhancing interactivity,
by dynamically modifying the handover paths to account for
hand movements. Moreover, expanding the dataset utilized to
train YOLO within the affordance pose and grasp estimation
framework would enhance the robot’s capabilities, mitigate
overfitting and enable accurate performance measurement.
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