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Abstract

In recent years, applications with robots collaborating actively with humans have been
increasing. The transition from Industry 4.0 to 5.0 rearranges the focus of fully automated
processes to a human-centered system that allows more customization and flexibility. In
human-centered systems, the robot is expected to safely assist or provide support to the
human operator, avoiding any unintentional harm, while the latter is focused on tasks
that require human reasoning, since current decision-making systems still have some
limitations. This survey reviews all the main functionalities required to make a robot
(collaborative or not) act as an assistant for human operators, analyzing and comparing
solutions proposed by the authors (based on previous works) and/or the ones available
in the literature. In this way, it is possible to combine those functionalities and build a
complete framework enabling safe mobile manipulation while interacting with humans.
In particular, a mobile manipulator is used to receive requests from a user, navigate in a
human-shared environment, identify the requested object, and grasp and safely deliver such
an object to the user. The framework, which is completed by a user interface designed using
Android Studio, is developed in ROS1, tested, and validated on a real mobile manipulator
in real-world conditions.

Keywords: human-robot collaboration; mobile manipulation; safe human-robot interaction

1. Introduction

In recent years, robotics applications have been moving towards more collaborative
interaction with humans. This trend can also be noted in the evolution of the use of
techniques based on Artificial Intelligence (Al) to improve the productivity of human tasks
in several contexts.

While in Industry 4.0 scenarios, all the processes are automated, often avoiding any
human intervention, the recent Industry 5.0 paradigm aims at putting humans at the center
of the production line, assigning to the robotic systems the task of assisting the human
operator [1]. This approach stems from the fact that there are many tasks that cannot be
automated with the precision and speed that a human operator can provide, since they
benefit from the worker’s experience. For instance, among the operations that still require the
expertise of a human operator [2], there are the assembly of custom pieces [3] and disassembly
operations (e.g., battery management and cloth recycling). This context can also be extended
to other scenarios as well, where a human needs some support or assistance, e.g., for the
search and retrieval of specific objects that are necessary to perform a task.
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Human-robot interaction (HRI) applications have been investigated extensively in
the last decade, based on collaborative robots that can safely work in the vicinity of
human workers. The possible interaction forms can be classified as coexistence, cooperation,
and collaboration. The differences are related to the existence or not of a common goal and
to the specific tasks of humans and robots. Coexistence simply means that the working
space is shared; cooperation is a matter of performing independent tasks converging toward
a common goal, while collaboration usually implies direct contact or interaction to achieve
the same goals.

While safety is crucial to ensure a smooth interaction between humans and robots, in a
workplace, most of the cases where humans get hurt occur when they are distracted [4].
However, this type of risk can be reduced when human operators are used to working with
robots, also from a psychological point of view [5], and the robotic system is programmed
to avoid any unintentional collision with people.

Most of the existing frameworks that include the human as the core element in robotic
applications are built using collaborative robots (cobots) with a set of sensors as additional
safety measures for human operators. The setup of the cobots is intrinsically safe, since they
are designed to work closely with humans and are compliant with the safety standards,
such as ISO 10218 and ISO/TS 15066 [6]. It is worth noting that the cobots used in such
frameworks are fixed-base [7], which means that they have limited working space and
cannot fully assist the human operator in any case. Mobile manipulators in this context
can be preferable; some recent updates related to ISO 10218:2025 have consolidated the
collaborative safety within the main standard.

This paper aims at presenting a framework that enables safe collaboration and interac-
tion between humans and robots. There is much research on this kind of topic; however,
the expensive robotic systems that are often employed might not be affordable for many
small and medium enterprises, which could leverage robotic systems to achieve greater
customization than mass production. In addition, the algorithms used to ensure safe inter-
action are computationally expensive, since they need a lot of resources, data, and time.
The context of this work was initially introduced in [8] and aims to provide a flexible
software architecture with additional safety layers that allow the robot to collaborate with
the human operator in assistive tasks. In such a framework, some key functionalities
are identified, such as Al-based recognition for the humans and robots” working spaces,
safe path planning, and safe interaction strategies for both humans and robots when their
workspaces intersect. To the best of the authors’ knowledge, most of these functionalities
are available in the literature, but implemented and validated only separately, without the
complete integration of all the features in a single framework to enable safe HRI.

The framework here proposed is not only limited to applications that foster Industry
5.0 standards, but also can be applied in other contexts where humans still need support
or assistance from a robot, and the robot carries out all the necessary tasks without the
risk of unintentionally hurting the user. The main motivation is that, in a human-centered
workspace, humans should be concentrated on performing their tasks so as to improve
their performance and reduce the risks due to distractions. In order to ensure such working
conditions, the robots should ideally be able to carry out all the side tasks, understanding
human gestures while addressing proxemics criteria.

The main contribution of this paper relies on reviewing existing solutions as key
functionalities for the development of a framework for low-resource mobile manipulators,
while also limiting the use of external sensors, so as to provide the community with
a versatile base framework that can be easily adapted and enriched to other kinds of
robotic systems. It must be noted that the proposed approach is an evolution of previous
works, where several functionalities were developed and tested separately; here, the most
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significant results are combined with an intuitive user interface to provide a complete
baseline for a safe robot-to-human handover in a space where both elements coexist. Hence,
such functionalities are compared with existing solutions from the literature, thus providing
an overview of the base features that a framework for safe HRI should include.

The rest of this paper is structured as follows: Section 2 presents an overview of related
works. Section 3 describes the proposed framework, where the main functionalities are
compared with previous authors” work and other solutions from the literature. Section 4
illustrates an experimental setup to test the components of the whole framework within an
overall case study. The performances achieved in the experimental validation are discussed
in Section 5. Section 6 concludes this paper, addressing current limitations and future
research directions.

2. Related Works

In the literature, as far as safety for HRI is concerned, there are strategies that should
be adopted depending on whether a collision occurs or not. Usually, these strategies are
referred to as pre-collision or post-collision [9]. Pre-collision strategies are those used to
avoid at any cost the collision of the robot with other agents and humans. This can be done
by properly setting safe distances, using safe velocity constraints depending on the vicinity
of the human to the robot workspace, and applying safe path and handover planning
procedures. On the other hand, post-collision approaches try to mitigate the damage in the
case that unintentional harm is done to the human [10]. By combining both strategies in
an HRI application, the human should be protected from any unintentional harm, or in
the case that harm occurs, it should be mitigated. However, in order to prioritize human
safety in a shared workspace, pre-collision strategies should be adopted [11]. Even though
including pre- or post-collision strategies in any human-robot collaborative framework is
important, it is not enough to guarantee a comfortable interaction between humans and
robots, since most humans might not be used to having autonomous systems moving very
close to them, especially if such systems carry objects to be delivered to several places.

Another aspect that should be considered for a safe and comfortable interaction with
robots is communication; good verbal or non-verbal communication enhances the user’s
trust towards elements like robots, since they are perceived as partners [12,13]. Cues and
safety distances for HRI may vary depending on the robotic system, since different criteria
should be considered for manipulators or mobile robots, but in the case of mobile manipu-
lators, these criteria can be combined. In the literature, there are many studies regarding
verbal and non-verbal forms of communication between humans and robots, trying to
mimic how humans interact. Usually, verbal communication can be applied only in a
limited context for HRI, and it is preferred for social affective interactions with robots [14].
On the other hand, non-verbal communication between robots and humans in HRI is
preferable in general, since it is more versatile and is not bounded by personal experiences
or culture [15,16]. Furthermore, non-verbal forms of communication, e.g., based on prox-
emics, haptics, visual gaze, hand gestures, and body postures, are consistent and socially
accepted [17]. On top of that, learning some policies or introducing communication cues in
an HRI context could improve the interaction related to manipulation tasks like handovers.

The authors in [18] presented a collision-free path planning algorithm for manipulators
in a safe HRI scenario. In the case that the human (modeled as capsules) is close enough to
the manipulator, it triggers a replanning optimization problem to avoid the human while
reaching the target pose. Safe distances are computed with the Gilbert-Johnson-Keerthi
algorithm, but the approach is tested only in simulation, with a limitation related to the
orientation of the tip, which is fixed. Moreover, according to the work in [19], safety
in Human-Robot Collaboration (HRC) scenarios is improved by the context awareness,
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thanks to the capability of recognizing human poses. Nevertheless, the human recognition
of the collision sensing module requires three RGB-D cameras for the robot hand-eye
calibration setup. In [20], a framework is proposed for a manipulator to learn some policies
for robot-to-human handover and receive feedback about the human preferences when
objects are handed over, but this approach does not consider the human response during
the object handover.

In [21], haptic cues are used as a communication channel for human-to-robot, robot-to-
human, and even robot-to-robot handover control, thanks to the force sensors located in
the fingertips. Moreover, in [22], safe multi-channel communication is proposed to enhance
HRC. The interface is called DiGeTac, a gesture-sensing module that recognizes hand signs
to enable complex collaborative tasks like assembly/disassembly, handover, etc. The work
presented in [23] investigates human-human handover mechanisms and adapts them to
human-robot handovers. In particular, it considers the eye gaze as the feedback signal to
transfer the object. After many tests with different people, the work suggests implementing
an HRI framework with a sequence of face-hand-face gaze transitions to ensure a more
effective object handover.

On the other hand, the safety criteria for mobile robots include additional layers to
classical path planning algorithms, which are aimed at computing a collision-free path
while considering a purely static environment; in the literature, they are usually referred to
as global planners. In order to deal with dynamic obstacles, a local planner is included in
the planning structure to modify the original path based on the real-time readings from the
robot’s sensors in order to avoid any moving obstacles. Some well-known local planners in
ROSs (Robot Operating Systems) are the Dynamic Window Approach (DWA) and Timed
Elastic Band (TEB); however, their performance is limited, since they do not consider the
obstacle’s motion information, but only static obstacles at every time step [24]. In this
regard, the combination of global and local planners is not sufficient to ensure the safety of
humans, since their motions are often unpredictable. In order to overcome this problem,
one might include a social navigation layer; for instance, the authors in [25] modified
the TEB into the GTEB (goal-oriented TEB) to be reactive to humans while computing a
socially feasible trajectory. Human-robot proxemics are considered in other studies, such
as in [26], where the cost of the person’s space is modeled by a Gaussian-like distribution,
proportional to the person’s direction of movement.

Finally, other approaches include reinforcement learning with policies related to
proxemic-informed rewards in order to enhance social comfort [27]. It is worth noting that
human-friendly and socially acceptable robotic behavior enhances the safety perception of
the human towards the robot [28].

3. Framework Description

The framework considered here is an evolution of previous works, with the aim of
describing and developing the necessary tools for safe interactions between humans and
robots. The considered scenario includes mobile manipulators performing some operations
in an environment shared with other agents and humans; on demand, one of the mobile
manipulators can be requested to retrieve and deliver specific items. Depending on the
application, the items might be simple objects to be delivered to the user (cups, spoons,
bottles, etc.) or tools (screwdrivers, scissors, blades, etc.) that a user needs to complete a
task in his/her working station.

With this context in mind, it is possible to identify at least the following basic opera-
tions that the robot must perform: (i) object information processing, (ii) safe navigation,
and (iii) robot-to-human handover. On top of that, providing an intuitive user interface
to command the robot will close the gap between non-robotic experts and robots in many
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applications. As a consequence, the development and adaptability of new activities can be
executed faster.

A high-level overview of the proposed framework is shown in Figure 1, which is an
evolution of the work presented in [8]. In particular, the object information processing
block includes all the functions to: train the framework to identify specific objects, do
object segmentation and compute its grasping pose, identify and track the human in the
scene, and recognize hand gestures. The safe navigation function concerns the navigation
layers for the mobile platform while also considering the human as a special obstacle,
and the robot-to-human handover feature allows the robot to deliver a requested object
while satisfying some safety constraints.

Figure 1. A high-level view of the framework components.

The framework’s basic operations will be developed adopting pre-collision strategies
and settings (as discussed in Section 2) for whatever concerns collision avoidance and
policies for safe collaboration with humans. In particular, this choice implies that all the
proposed algorithms will be implemented adopting proper safety distances for HRI; post-
collision strategies will not be considered in this work. Even though there are several
available algorithms in the literature, here we will consider those that can also be deployed
on systems with low computational resources, e.g., limited CPU resources, limited sensors,
no GPUs, etc. The robotic system considered here is a mobile manipulator to exploit its
versatility to manipulate objects and move around.

3.1. Object Information Processing

There are many algorithms used for object manipulation, which include object iden-
tification, pose estimation, and motion planning to grasp/deliver such objects. Object
identification algorithms often require image/video data to detect the desired item; the
object’s pose is then estimated to let the robot plan the trajectory to reach such a pose. One
strategy is to use fiducial markers such as ARTags and ArUco, which can be attached to the
objects, and estimate their pose exploiting the appropriate marker reader [29]. One of our
previous works, presented in [30,31], employs ARTags to provide useful information about
the object of interest, proposing a low-resource algorithm to recognize the object position
and estimate its pose for grasping.

A strength of this choice is its easy implementation: using ARTag readers of specific
objects reduces the computational burden and gives the possibility of dedicating most of
the resources to the computation of the robot path planning and control, as well as to the
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management of (static and dynamic) obstacles. The disadvantages are mainly related to the
size of the objects and of the tags. On one hand, small tags can be difficult to detect; on the
other hand, large tags on small objects might cause some difficulties during grasping.

Beyond fiducial markers, object detection and segmentation algorithms offer alter-
native strategies for identifying objects and planning safe grasps, each one with different
trade-offs in terms of computational cost, accuracy, and safety awareness.

Bounding box detection with human-in-the-loop correction. Object detection al-
gorithms such as YOLO [32] localize objects in the scene using labeled bounding boxes,
enabling the robot to classify objects and support grasp planning. In [33,34], we integrated
an object detection module based on YOLOv5s, allowing the robot to detect and manipulate
objects of varying shapes and sizes. A simple approach consists of selecting the center
of the bounding box as the grasp point for a parallel gripper, as in Figure 2. However,
bounding boxes alone do not encode information about dangerous object parts. To address
this, the operator can indicate the location of the object’s dangerous region after detection.
As illustrated in Figure 2, the red point corresponds to the center of the bounding box,
while the operator specifies the hazardous region by clicking it directly on the image (blue
point); the robot computes the grasp point (green point) as an intermediate location along
the line connecting the two previous points. This allows the robot to grasp the object near
the dangerous part, leaving the safe one free for human handover. The main advantages of
this approach are simplicity and low computational cost, but the required user input may
interrupt or distract the operator from his/her primary task.

Figure 2. Predicted grasping point (red), point indicated by the user (blue), and grasping point for
the robot (green).

Segmentation-based grasp planning. Compared to bounding boxes, segmentation
models provide a more precise outline of the object, capturing detailed shape information
that can support more informed grasp planning. YOLO segmentation variants can be
combined with object-agnostic grasp pose estimation methods, such as GraspNet [35],
AnyGrasp [36], GraspGen [37], and Contact-GraspNet [38]. These approaches exploit
object affordances to identify stable grasp configurations, and can generate candidate
grasps more effectively, by isolating the target object from the scene using its segmentation
mask. The main drawback is that their performance may depend on object geometry or
size; in addition, they do not explicitly consider the safety of the handover phase, since no
distinction is made between the graspable and the dangerous parts of the object.

Affordance keypoint estimation. To explicitly account for user safety during hu-
man-robot interaction, a more structured representation of object parts can be adopted.
In [39,40], we proposed an approach that leverages part affordances to divide each object
into three functional regions, as illustrated in Figure 3: (i) the handle, most suitable for
human grasping; (ii) the dangerous part (e.g., blades, spikes, or tool tips); and (iii) the
most suitable region for robot grasping, typically located between the first two. These
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affordance regions can be represented as segmentation masks (Figure 4a) or more compactly
as keypoints (Figure 4b), where each keypoint approximates the center of one affordance
region. The object class, the bounding box, and the keypoints are predicted using a custom
version of YOLOv8Pose trained on a dataset of cluttered scenes. This approach enables
fully automatic grasp planning that is inherently aware of safety-relevant object features,
without requiring any input from the operator; however, it requires annotated training data
and offers limited flexibility for users who may prefer a different handover configuration.

Figure 3. Object segmentation for the tools. Blue indicates the handle for humans, green corresponds
to the graspable part for the manipulator, and red is the dangerous part (usually the tool) of the object.
The green dot is a possible grasping point for the manipulator’s path planner.

Figure 4. (a) Affordance mask and (b) affordance keypoints of a knife. Red, green, and yellow marks
refer to danger, grasp, and handle affordances, respectively.

To sum up, Table 1 compares the algorithms tested and deployed by the authors with
the ones available in the literature.

Table 1. Comparison of approaches to determine the object’s grasping pose.

Approach Main Features Main Limitations

Fiducial markers ARTag * [30], ArUco [41] Easy tq read and easy to Limited to the object size
implement

Bounding box is large,

. « . . .
Object detection algorithms YOLOvSs [3[233]9’]YOLOV8 Fast algorolt)}.lézltzo identify and image CoM is not always
’ ) the object’'s CoM
. . . Each pixel of the image can be Struggles with multiple
Object semantic segmentation YOLOv8n-seg [42] labeled by a class packed objects

Object instance segmentation

YOLOvV8s-seg [43]

Similar to semantic
segmentation, but each object
has a unique identifier

Additional processing layers,
slower than
semantic segmentation

Affordance estimation

GraspNet [35], AnyGrasp [36],
GraspGen [37],
Contact-GraspNet [38]

Several grasping poses for the
object are determined

Computationally expensive
and struggles on some
object shapes

(*) Approaches that have been tested by the authors in previous works.
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3.2. Safe Navigation

The mobile manipulator is expected to move autonomously in an environment where
other humans and robots coexist, so one of the most fundamental aspects that ensures the
safety of humans is the fact that mobile robots must be able to avoid static obstacles, as well
as dynamic ones, such as human operators. One strategy to deal with this kind of problem
is to combine different path planning layers, i.e., a global planner and a local planner.
The global planner takes the information from a static map and, under some optimization
criteria, computes the best trajectory for the robot to reach a specific destination without
considering changes in the environment. Among the available global path planners, there
are: A*, Dijkstra, Probabilistic Roadmap (PRM), rapidly exploring random tree (RRT),
artificial potential fields, barrier functions, etc.

On the other hand, local planners update the global plan to avoid obstacles (moving
or not) that were not recorded while the map was being built. Dynamic obstacle avoid-
ance is made possible using real-time data from the robot’s sensors to deform the path
around the obstacle, while guiding the robot towards its original destination. For instance,
the DWA [44] and the TEB [45] are two of the most used algorithms that compute a feasible
path to avoid moving obstacles. The choice of the combination of global-local planners de-
pends on the application and its constraints, but common choices include the A* algorithm
with the TEB [46] or DWA [47].

However, typical local planners cannot efficiently deal with human obstacles: they do
not consider a safe distance when considering humans, so the robot might unintentionally
hit them. In this case, a social navigation layer could be included in the hybrid global-local
path planning structure, so the human is identified as a special obstacle, and the robot can
react accordingly with additional safety measures [48]. Depending on the context and spe-
cific application requirements, humans can be modeled by considering their instantaneous
positions, speed, intentions, or motion prediction [49]. In this regard, most of the sensors
used to detect and track humans are LIDARs and RGB-D cameras [50], and their data can
be used to train planners, such as imitation learning-based, human position-based, human
prediction-based, safety-aware, etc., which can also be combined. For instance, the work
in [51] presents a deep reinforcement learning approach to train mobile agents to decide
which are the most suitable local planners for different scenarios.

In our previous work in [31,52], an obstacle avoidance strategy based on a varying
costmap shape is presented. The approach allows the detection of humans moving near
the robot and represents their costmaps by means of Gaussian-shaped areas, which are
proportional to the humans’ speed. This way, an additional safety layer is added to the
local planner, enabling the robot to modify its path, while keeping a safe distance from
the human and ensuring collision avoidance. The approach exploits the social navigation
layer [53], which adds custom layers to the costmap package in the ROS. Note that this
kind of approach implements proxemics rules, so that a safe distance between humans
and robots is always considered for the path planning. In this way, instead of inflating the
area around all the obstacles to avoid collision, the robot is able to distinguish humans and
optimize its path, prioritizing the spaces that are not occupied by people. Figure 5 depicts
the Gaussian area around the human while he/she is moving near the mobile robot.

Path planning algorithms must consider the actual size of the robot, so that the path
planner is constrained to find an adequate collision-free trajectory. If the mobile manipulator
is expected to move around, the arm should not be extended, so as to avoid recomputing the
path while considering a change in the robot’s footprint. When it does not carry any object,
the arm resting position should be maintained. In the presence of an object, the manipulator
should always be kept retracted so as to avoid unintentional contact/collision with other
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objects or humans; the object should be kept in a proper position so as to reduce any risk of
contact not only with humans, but also with some part of the robot itself.

Figure 5. Human (area modeled with a Gaussian-like distribution) walking near the robot.

In this way, the footprint of the mobile manipulator while it is in motion is always
compliant with the original path planning, and there is no need to adapt the path based on
the shape of the robot, thus reducing the computational effort each time the robot carries
an object with a different shape or size.

3.3. Robot-to-Human Handover

In a context where humans and robots are actively collaborating to perform common
operations, most of the interactions for the object handover are carried out from the human
to the robot [54]. In handover processes, there are implicit and explicit communication
interactions that should be interpreted, and this task is easier when it is a human who
delivers something to a robotic system. However, in a complete HRC context, the object
handover should be enabled in both directions, i.e., either from the human to the robot
or vice versa. The latter one is more challenging, since the robot usually has limited
communication mechanisms to make the object exchange; instead, humans generally have
many feedback mechanisms during interactions, eye contact, touch contact, and even
verbal communication, to ensure that the object is correctly delivered. With those feedback
signals, it is possible to adapt the delivery speed, the gesture to handle dangerous objects,
and even handover objects in different dynamic situations, e.g., walking by, sitting or
standing [20]. Note that most gestures can be identified using skeletal data, point clouds,
and wearable sensors; however, most of the approaches prefer the use of RGB videos due
to their versatility in training recognition models [55].

In [56], a framework that enables a robot-to-human handover is presented. YOLO and
GraspNet are used to identify the object and the grasping pose, respectively, while Medi-
aPipe is used to detect the human hand to deliver the object. In such a framework, the mo-
bile manipulator manages to deliver the objects most of the time; however, the dataset used
for the tests is limited to a few objects, and it requires a lot of computational resources.

A UFactory xArm6 cobot is used in [57] to test the robot-to-human handover with the
user wearing a vibrotactile device. In particular, such a device communicates with the user
about the robot’s intention to deliver an object. The aim was to improve human reaction in
receiving the object while reducing his/her attention towards the robot.
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In [38], a guided contact handover approach is proposed. The robot-to-human han-
dover system tries to maximize the visibility and reachability of the object’s contact part,
which is defined by human comfort preferences. To this end, initial grasping positions
are generated by Contact-GraspNet, and then the robot adjusts the pose to minimize the
distance between the delivering object and the human.

In our previous work in [39], the robot handover is enabled by using gestures: the
robot moves and releases the object once a specific gesture is recognized. The human hand
gesture and its pose estimation are handled by MediaPipe, while the handover is executed
by delivering the object towards a point near the human hand, as shown in Figure 6.
In particular, the robot-to-human handover considers safety measures for the human by
orienting the object’s handle upwards and the dangerous part towards the ground.

Figure 6. The handover path and the handover point.

In our framework, once the mobile manipulator successfully grasps the desired object
and arrives at the delivery destination (where the user is located), the object should be
handed over to the human as safely as possible. During that interaction, the handover
planning could be constrained to be as human-like as possible, with the aim of making the
user understand the intentions of the robot and retrieve the required item safely.

3.4. Intuitive User Interface

Most of the robots come with an interface to interact with them. For example, for in-
dustrial manipulators, the so-called teach pendants are generally used to monitor and control
the motion of the robotic arm. This kind of device is widely used in industry, since it is
designed for safe engagement with the user. However, the use of teach pendants may be
not intuitive for non-skilled users or inexperienced human operators [58]. In [59], a human
interface device is designed as an alternative to control a manipulator, allowing the user
to intuitively guide the robot with the hand’s kinesthetic sensations. Other interfaces use
cameras that track human hand gestures and guide the robot, depending on the hand sign
sequences [60].

In the ROS framework, it is possible to establish some interaction using graphical
interfaces like Gazebo [61] and RViz [62], but those alone still need inputs from a terminal;
in addition, the user should be trained to correctly command the robot through such
interfaces. In general, it is important to choose the type of input and interaction that makes
the application most feasible and comfortable for the user [63,64].

The functionalities of our proposed framework perform low-level tasks, such as
navigation with obstacle avoidance, human identification and tracking, object identification,
object grasping pose estimation, handover planning, etc. It is then important to combine all
of them into an application, allowing the user to have full access to the robot’s capabilities
from a high-level point of view, as previously envisioned in [8].
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On the basis of the preliminary results in [65], a user interface called BotBridge is
here proposed; it is developed with Android Studio [66] to collect the input required to
command the robot in a user-friendly way. The communication between the application
and the robot is established using the Message Queuing Telemetry Transport (MQTT)
protocol [67,68] over TCP/IP channels. The application receives the input command from
the user to enable the robot; in particular, it enables the process to look for requested items
in the environment. A preview of the application interface is presented in Figure 7, where
the layout was designed to be executed on a tablet.

Figure 7. An overview of the Android application interface. Top: Initial interface for the user. Bottom:
Screen for the user to call the robot.

The application allows the user to select a list of tools or objects, such as a knife,
a fork, a spoon, a pair of scissors, a remote control, and a mouse, as shown in Figure 8.
The robot, after receiving the request, explores the area where the objects are located. Then,
it proceeds to pick and deliver the requested item to the user. After successfully delivering
the item, the user is allowed to continue to request additional items or conclude the tasks
for the robot. In the case that the services of the robot are no longer needed, the robot will
automatically return to its home position or recharging location.
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Figure 8. An overview of the Android application interface. Top: List of available items. Bottom:
Screen to make further requests or conclude the service.

3.5. Framework Summary

After analyzing and comparing our previous works with existing solutions, the choices
for our framework’s functionalities are summarized in Table 2. Such choices consider the
main features as well as the limitations of the algorithms to be implemented in a low-
resource robotic system. Note that those algorithms are also expected to work in the near
future, but they can be replaced by more recent approaches, thanks to the modularity of the
framework. Further details about how they are connected will be explained in Section 4
along with the experimental setup.

Table 2. Summarizing table for our framework.

Functionality Approach
Human detection YOLOVS [32]
Object instance segmentation for grasping pose estimation YOLOvVS8s-seg [43]

A* as a global planner with ROS
social navigation layer [53]
Gesture recognition for handover MediaPipe [69]
Application with Android
Studio [66,70]

Safe Navigation with humans

Intuitive user interface

4. Experimental Setup

In order to test and validate the proposed framework, a Locobot WX250 [71] mobile
manipulator is used in a laboratory setup, where the space is shared with humans. The mo-
bile manipulator, equipped with an RPLidar and an Intel RealSense D435 RGB-D camera,
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is programmed within ROS1 Noetic in Ubuntu 20.04. Overall, the most recent framework
integrates all the key functionalities designed in previous works, which are: (i) acceptance
and processing of the user request, (ii) the robot’s autonomous localization within the
environment and search for the requested item, (iii) the robot’s autonomous navigation
towards the item location while considering safety distances from humans, (iv) the grasping
procedure while considering the object’s affordance, (v) maintenance of a safe pose while
carrying the item, (vi) safe delivery of the requested item, which can be controlled using
hand gestures in the case of robot-to-human handover. All such functionalities have been
packed in the BotBridge application; the workflow to test the framework is illustrated in
Figure 9, which is based on a work presented in [65]. A video showcasing the framework’s
execution is available in [72], while the GitHub repository is available in [73].

Figure 9. An overview of the framework workflow. Dashed lines indicate the data flow from the
robot’s sensors.

The mobile manipulator implements Real-Time Appearance-Based Mapping (RTAB-
Map) [74] as the SLAM algorithm, while the ROS Navigation Stack [75] contains the A*
algorithm as the global planner. For object detection, although there are more recent ver-
sions of YOLO, YOLOV8 has been chosen due to its fast image processing speed that favours
real-time applications [76]. In particular, YOLOVS has been used to detect people and esti-
mate their position along with the ROS social navigation layer [53] to ensure safety when
the robot moves near a human. Such a layer modifies the local plan to avoid humans safely
through a proxemic layer, which associates the area occupied by humans with a Gaussian
cost, proportional to their velocities. For the object detection and grasping pose estimation
component, the three alternative approaches discussed in Section 3.1 were evaluated and
compared: the bounding box-based detection with human-in-the-loop correction [33,34],
the instance segmentation-based method using YOLOvS8s-seg [43,73], and the affordance
keypoint estimation approach using YOLOv8n-Pose [39,40]. Each implementation was
tested within the complete framework, and the results are discussed hereafter.

Once the robot succeeds in grasping the object, before moving around the environment
to deliver the requested item, the manipulator is set to a “safe position” to avoid any
unintentional collision with humans and other objects. The described position is shown in
Figure 10. As discussed in the previous section, the manipulator’s pose does not increase
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the robot’s footprint, and the dangerous part points towards the ground. In this way, also
during the phase of handover to the human, the robot is able to extend the item with the
handle pointing towards the user.

Figure 10. Safe position of the manipulator after picking up the requested item. Lateral view (left)
and top view (right).

The gesture recognition system is trained using MediaPipe [69]. In particular,
the thumbs-up gesture is used to indicate to the robot that the user has picked the ob-
ject, and the robot can release such an object. After successfully releasing the item, the robot
returns to its safe position and awaits further instructions from the user.

The application starts when the user requests a mobile manipulator to retrieve an object
from a given list and deliver it. Upon selecting the desired item, the mobile manipulator
starts looking for the requested object within the environment. The starting point of the
workflow in a real environment is depicted in Figure 11, while Figure 12 shows the object
selection made by the user from the list. In this example, the user requested a scissor.

Figure 11. An illustration of the starting conditions for the framework.

The location of the objects can be a priori-defined; however, their exact position must
be found by the robot once it reaches the objects’ location. In our case, the objects are
placed in a storage cabinet in different positions: laid down, hung, etc. Figure 13 shows the
object identification process of the available tools when the robot proceeds to pick the one
requested by the user.
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Figure 12. A view of item selection from the user.

Figure 13. Item searching and identification in the cabinet.

The mobile manipulator implements a social navigation layer to safely avoid any
human who is possibly encountered while the robot is moving (Figure 14).

Figure 14. Safe navigation behavior of the mobile manipulator. (Left) RViz visualization of the
person’s Gaussian shape. (Right) Robot’s point of view of the identified person.

Once the robot reaches the location of the storage cabinet, it uses the camera tilt to
scan the space within the cabinet and look for the requested object. The grasping pose of
the object is computed considering the algorithms detailed in Section 3, which consider the
position of the center of mass of the segmented object and its orientation. Considering the
object grasping pose as the goal for the manipulator’s end effector, the path is computed to
reach the object, grasp it, and prepare its delivery to the user.
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As previously discussed, the arm grasping the object is put in the predefined “safety
pose”: the manipulator retracts itself within its footprint while carrying the object, orienting
the tool (or the dangerous part of the object) towards the robot itself. In this way, the robot
moves within the environment, respecting the navigation constraints.

As can be seen in Figure 15, once the robot reaches the user’s location to deliver the
object, the arm is extended with the object’s handle pointing towards the user, while the
dangerous part is always kept oriented towards the robot. The delivery is considered
successful when the user picks the object, and he/she uses the thumbs-up gesture to
communicate to the robot that the object has been delivered. After recognizing the gesture,
the gripper releases the object, and the robot awaits for further instructions, as shown in
Figure 16. If the services of the robot are no longer needed, the user concludes the robot’s
tasks; the mobile manipulator then returns to its home position or charging station, waiting
to be called again. A more detailed workflow of the application within the proposed
framework is illustrated in Figure 17.

Figure 15. Robot-to-human item handover process.

Figure 16. The user shows the thumbs-up gesture to communicate the success of the delivery to
the robot.
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Figure 17. An overview of the application workflow.

Remark 1. The framework is modular and specific algorithms for some functional blocks could be
chosen according to the context. For example, in a structured environment, some objects and tools
may be already positioned in a specific way, e.g., with their dangerous parts having a predefined,
known orientation. In that case, it would be possible to simply use object segmentation to identify
the object’s grasping point with less focus on the object’s grasping orientation. On the other hand,
if the workspace is cluttered, it would be better to employ a more complex approach, such as the one
presented in [33,39], since it provides the framework with additional flexibility to handle different
objects with different poses.

5. Experimental Validation

The proposed framework was evaluated in a real-world laboratory environment,
where a human operator interacts with the Locobot WX250 mobile manipulator to request,
receive, and use different objects. The complete workflow was successfully carried out in
15 trials: six of them were deployed in a static environment to focus on object retrieval and
handover performance, while the remaining nine took place in a dynamic environment in
which the robot shared space with humans. A video showcasing the complete execution
is available in [72], and the source code is publicly accessible in [73]. For completeness,
the computation times reported hereafter refer to the time needed to run each algorithm on
the robot computer. This choice was made to highlight the applicability of the proposed
framework to low-resource robots.

As described in Section 3, the framework requires a module for estimating a grasp
pose that minimizes safety risks during object delivery. Implementations of the alternatives
presented in Section 3.1 were evaluated, analyzing their main advantages and drawbacks.
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The first implementation relied on instance segmentation [42], where the grasp point
was computed as the 3D projection of the segmented mask’s center of mass. Using the
YOLOv8s-seg model with pre-trained Ultralytics weights [43] resulted in an inference time
of approximately 480 ms, corresponding to about 2 FPS. While detection and segmentation
performance are consistent with those reported in the literature, the relatively high inference
time limits responsiveness. More importantly, the method does not explicitly encode
information about dangerous object parts. As a result, although objects could generally be
grasped successfully, the orientation of hazardous regions could not be reliably controlled
during transport and handover, occasionally leaving the dangerous portion of the object
exposed to the operator.

To improve responsiveness and grasp reliability in less structured environments,
the bounding-box-based approach combined with human-in-the-loop correction [33] was
evaluated. The YOLOv5s detector trained on a custom dataset of laboratory items achieved
a mAP@50-90 of 0.95, although some overfitting was observed. By relying only on bound-
ing box predictions, inference time was reduced to approximately 140 ms (~7 FPS). While
bounding boxes alone provide limited information about object geometry, the additional
human feedback allowed the operator to correct the grasp position, ensuring stable grasps
and safe manipulation even in unstructured scenes. This approach improved robustness
but introduced continuous user intervention, partially conflicting with the objective of
minimizing operator workload.

The third alternative employed an affordance keypoint estimation strategy [39].
A YOLOvS8n-Pose model was trained to predict three affordance keypoints corresponding
to the handle, the optimal robot grasping region, and the dangerous part of each object.
This approach enables fully autonomous grasp planning while explicitly encoding safety-
relevant object features. The model achieved a mAP@50-90 of 0.92 for bounding boxes and
0.88 for keypoints. Although these values likely reflect some degree of overfitting due to
the limited dataset size, they indicate strong detection performance. The inference time
was approximately 160 ms (~6 FPS), enabling fully autonomous grasping and safe manip-
ulation in moderately unstructured environments. Compared to the human-in-the-loop
solution, this method reduces operator involvement at the cost of reduced customization of
the handover configuration.

The safe navigation component was also evaluated. We conducted nine trials in which
a human passed near the robot: three from the front, three from the side, and three from
behind. The social navigation layer was implemented using a Gaussian-shaped costmap
whose spread scales with human velocity [52]. Detection of humans, as well as their positions
and velocities, was obtained by fusing data coming from the RGB-D and LiDAR sensors. This
ensured reliable tracking during all trials. A minimum distance radius of 80 cm was enforced
for stationary humans, corresponding to an effective minimum robot-human clearance of
60 cm when accounting for the robot’s 20 cm radius. For moving human operators, the shape
of their occupancy region was deformed along their motion direction using a Gaussian shape.
The maximum deformation observed for a person walking fast led to an effective robot—
human distance of 1.6 m. It is worth noting that the minimum robot-human clearance of
60 cm does not represent a hard constraint. Indeed, the planner can create a path for the robot
that falls inside the human’s occupancy shape, but the cost increases as the robot gets closer to
the human. In this way, the planner was able to balance path optimality and human distance.
This resulted in a measured minimum human-robot distance of 30 cm in worst-case trial
scenarios. To evaluate the reactivity of the local replanning, selected trials required a human
to walk alongside the robot that was already moving. In these scenarios, replanning was
triggered multiple times in real time, and the planner exhibited smooth trajectory adaptation
that would have guided the robot outside the human’s occupancy area.
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The handover stage relies on gesture-based human initiation using MediaPipe. Relying
only on the Locobot’s computer, the system operates with an inference time of approx-
imately 50 ms (~20 FPS), enabling real-time hand detection. During the experiments,
the robot successfully approached the detected hand position, while maintaining a prede-
fined safety distance of 20 cm, stopping before entering the operator’s immediate space.
The final grasp of the handle was therefore performed by the human, thus reducing the
likelihood of unexpected human-robot contact. Thanks to the ~95% detection accuracy of
MediaPipe, as reported in the literature, the probability of unintended handover initiation
or premature object release remains low.

For what concerns the usability of the BotBridge application, we collected feedback
from seven users to assess the functionality of its user interface. All participants had a
moderately technical background, which may introduce bias in the findings. Overall, users
evaluated the interface positively, emphasizing its simplicity and intuitive design. In par-
ticular, they appreciated the minimalistic layout, which supported efficient task completion
without unnecessary visual or interactional complexity. The mobile-oriented design (smart-
phones and tablets) also contributed to a sense of familiarity, as it leveraged interaction
patterns common in everyday applications. Some participants, however, reported that
interacting with the system via a touchscreen could disrupt their workflow and reduce
their focus on the primary task. To mitigate this limitation, several users proposed the
integration of voice commands to enable more seamless, hands-free interaction, which can
be considered as a future improvement.

Remark 2. A direct quantitative comparison with other frameworks is not straightforward, since,
to the best of the authors’ knowledge, no existing system simultaneously addresses all the considered
functionalities within a single mobile manipulation platform. Comparisons can only be drawn at
the component level, as in Table 1. Some approaches in the literature achieve better performance
on specific tasks [27,35,36,51] but rely on more powerful hardware, including dedicated GPUs or
multi-camera setups. The hardware constraints of the adopted platform have guided the algorithm
selection summarized in Table 2, prioritizing deployability and modularity over high performance.

6. Conclusions and Future Works

This paper reviewed all the main functionalities required to develop a low-resource
but effective robotic assistant system, proposing as a result a complete framework enabling
safe interaction between humans and robots, with particular focus on safe robot-to-human
object handover. The current framework is an evolution of previous works, where specific
features were developed separately and then combined to obtain a complete workflow.

In particular, the framework was developed targeting low-resource robots that do not
have high-end sensors, computers, processors, dedicated GPUs, etc. However, the proposed
approach can be adapted and generalized to higher-performing systems, but the purpose of the
authors was to provide a complete baseline for safe HRI, potentially implementable in small
and medium enterprises, which suffer most from technological migration due to their limited
resources. Moreover, even though the algorithms were deployed in a mobile manipulator, it
is possible to reuse the basic operations proposed in the framework in decoupled systems,
e.g., grasping and handover in manipulators and safe navigation in mobile robots.

It must be noted that few users have tested the BotBridge application so far; the
significance of their feedback could then be limited and insufficient to provide a complete
evaluation of the application’s performance in terms of usability and intuitiveness. In this
regard, increasing the number of users could allow the collection of suitable data for
enhancing the application and improving the overall framework’s performance.
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Future works might include an additional system that monitors the human and robot’s
working space to cover larger areas, as well as in other application contexts, while ensuring
safety and providing redundancy in the case that the sensors of the robot are occluded or
limited. Furthermore, management of unexpected dynamic obstacles during the robot-to-
human handover phase could be investigated to further guarantee safety and applicability
in human-shared environments.

Moreover, despite most of the industrial setups preferring non-verbal communication
with robots (due to noise, distracting factors, etc.), in other contexts having additional feedback
from the robot might improve the user’s experience while collaborating with the robots.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

HRI Human-Robot Interaction

ISO International Organization for Standardization
ISO/TS International Organization for Standardization/Technical Specification
cobot Collaborative robot

RGB-D Red, Green, Blue and Depth

ROS Robot Operating System

DWA Dynamic Window Approach

TEB Timed Elastic Band

GTEB Goal-oriented Timed Elastic Band

CPU Central Processing Unit

GPU Graphics Processing Unit

ARTag Augmented Reality Tag

ArUco Augmented Reality University of Cordoba
YOLO You Only Look Once

PRM Probabilistic Roadmap

RRT Rapidly exploring random tree

LIDAR Light Detection and Ranging

HRC Human-Robot Collaboration

RViz Robot Visualizer

RTAB-Map  Real-Time Appearance-Based Mapping
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