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ARTICLE INFO ABSTRACT

Keywords: Robots are not yet ready to handle unstructured and uncertain environments by adapting their trajectory online
Reactive and sensor-based grasp planning depending on the changes in the surroundings. Knowing how to handle moving objects is an essential skill
Dynamic grasping for robots in many industrial and service robotics applications. This work presents a reactive grasp controller

Human-robot collaboration

Industry 5.0 inspired by an established human motion model. It starts planning by generating a straight line from the
ndustry 5.

current pose of the end-effector to the target object pose. Then, the line is shaped considering the new
target position. A trace controller guarantees that the end-effector remains on the path, and the collision-
aware velocity regulation feature ensures to safely proceed on it by modulating the advancing velocity until
completely stopping the motion if an obstacle is encountered on the path toward the target pose goal. Control
actions are sent to the robot controller as smooth velocity commands at 1 KHz to be reactive. The capabilities
of the proposed planner are showcased on a real robot in three dynamic experimental settings relevant to
industry: (i) grasping objects moving on a conveyor belt, and two human-robot collaboration tasks that are
(ii) grasping objects that can move during the robot’s motion toward the target due to the interaction of
a human operation, and (iii) human-to-robot handover. A comparison with state-of-the-art methods is also
discussed. Demonstrations in the three different contexts are showcased in the supplementary material video.

1. Introduction Therefore, if the object moves during the execution of the trajectory,
the robot might not be able to grasp it unless it updates the trajectory

In recent years, with the advances of collaborative robots, the in a reactive way. This skill, other than for human-robot collaboration,
barriers between robots and humans have been removed with the aim is also essential for other tasks, like grasping objects that move on con-
of sharing the same environment, offering opportunities and challenges. veyor belts. Indeed, conveyor systems are widely used in industry, and
To achieve an efficient and safe collaboration, robots should exhibit the robotic manipulators are being deployed extensively at conveyor belts
ability to react to unstructured and uncertain environments, adapting for automation and faster operations [4]. However, when a robot needs
their trajectory online depending on the changes in the surrounding to manipulate the object, the object reaches the photocell, stopping the
environments. This is also in line with the concept of flexible man- conveyor with a consistent waste of time, or alternatively, the robot and
ufacturing introduced by Industry 4.0 [1] and now 5.0 for industrial the speed of the conveyor are synchronized in such a way that the robot
tasks or service robotics [2], in which rapid and customized differ- performs seamlessly the same motion within the same time without
entiation of products requires human intervention and interaction. In being able to handle uncertainty or perturbation in the process. To
order to pursue such a goal, robots should exhibit autonomous and increase throughput and reliability, robots should be able to grasp the
intelligent functions to adapt their behaviors to the complexity and objects while moving to avoid stopping the conveyor for every grasp.
unpredictability introduced by the environment and target changes. But, handling moving objects in uncontrolled environments is a more
Nowadays, many industrial processes involve the collaboration of complex problem with respect to static conditions [5]: the perception
two operators [3]. For example, when two people perform a shared task module needs to continuously detect the object, track it, and generate
like assembling together the same piece formed by several parts, one feasible grasping configurations; the planning or low-level control mod-
person may move the part that the other one was going to grasp during ule has to react to the changes in real time and on the fly, preserving a
their motion. Typically, this situation is not a problem for humans since smooth and secure trajectory. Early works focused on tracking the poses
we are able to react to the changes on the fly. The same is not always of the objects when they move [6,7], and generating grasps based on
true for robots, as they usually detect the target object, compute the the current object poses [8], or predicting future object poses based on

grasping configuration, and then execute a trajectory for that location.
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Fig. 1. Evolution of trajectory generation over time according to the human motion model of [12,13] (left) and performed by the robot under the proposed
approach (right). The blue line is the path EE~ executed until that timestamp, while the orange line represents the remaining path EE* to be executed. Dots
are the waypoints. At each instant of time, the orange line is straight toward the object, which is static at the beginning (until ¢; for the human motion), and

then starts moving with constant velocity v,, generating a heading variation A4y.

the tracking results [9]. Recent approaches, instead, try to keep similar
semantic features in subsequent grasps within a time horizon [10,11].
However, in the end, even if the high-level modules of the task are
becoming increasingly complex, the actual grasping demonstrations
involve object moving with very low speed primarily because existing
approaches lack a sufficiently robust, reactive low-level controller to
enable fluent tracking of target motion.

This work, indeed, focuses on the low-level reactive control aspect
of the problem, and since people are very good at grasping objects even
when they move, it finds its foundation in the human motion models
studied in [12,13]. When a person has to grasp an object or, in general,
has to reach a goal configuration, the person tries to reach the goal
with a straight line in the joint space, and, if the object moves, the
person tries to adapt the final configuration accordingly, and scales the
velocity depending on the relative distance between the hand and the
target.

The proposed approach is inspired by the aforementioned human
motion model and implemented in the robot’s operation space. Actu-
ally, the reactive grasp controller starts generating a straight line from
the current position of the end-effector to the final pose configuration.
Then, the line is shaped considering the new target position at each
timestamp, and the velocity is scaled depending on the relative distance
between the end-effector and the target, and eventually, other factors
in the surroundings, like the presence of humans. Fig. 1 shows the
similarities graphically. A trace controller, supported by the Lyapunov
stability theory, guarantees that the end-effector will remain on the
path and safely proceed on it whenever the trajectory is feasible. The
control actions are sent to the robot controller as smooth velocity
commands at 1 KHz to be reactive. To show the capabilities of the
proposed planner, several experiments on a real robot have been per-
formed in three different contexts resembling generic industrial and
service robotics tasks: (i) grasping objects moving on a conveyor belt,
and two human-robot collaboration tasks that are (ii) grasping objects
that can move during the robot’s motion toward the target due to the
interaction of a human operation, and (iii) human-to-robot handover.
It is worth noticing that the aforementioned tasks are open problems in
the literature of robotic grasping and manipulation, and usually require
a specialized solution to be managed, while the proposed method is
able to solve them without applying any changes to its structure.
Moreover, our method does not use any pre-computed set of paths or
have any prior knowledge of the object’s model, and runs the control
loop faster than other solutions, being more reactive.

Summarizing, the contributions of this work are

+ a novel reactive grasp controller inspired by a human motion
model for industrial tasks that:

— can grasp moving objects

- is stable according to Lyapunov stability

- provides a safety mechanism with collision awareness ve-
locity regulation, decreasing the velocity for obstacles along
the planned trajectory until completely stopping the robot

— shows a versatile usability, being effective in multiple con-
texts

— is robust to external disturbances and uncertainties in nom-
inal conditions

— is predictable since the generated trajectory is deterministic
according to the used human motion model

- is flexible as the velocity of the end-effector on the trajec-
tory can be changed and adapted on the fly according to the
external conditions

+ a comparison with different state-of-the-art methods, showing the
superior performance of our method.

The rest of the paper is organized as follows: Section 2 gives an
overview of related works; Section 3 introduces the proposed approach
describing each aspect of the planner; Section 4 presents the implemen-
tation details and the performed experiments in simulation and on the
real robot; Section 5 discusses the achieved results and the comparison
with two state-of-the-art methods; Section 6 concludes the essay and
draws future directions.

2. Related works

Grasping static objects is a very explored field [14], while grasping
moving objects, i.e., dynamic grasping, is a relatively recent and less
researched field. The task can be decomposed into different submod-
ules: object detection, pose estimation, grasp synthesis, object or grasp
tracking, prediction in a future time horizon, all demanded by the
vision system, and fast motion planning or reactive robot control to
reach the target in the final configuration.

Initial works concentrated on realizing control algorithms to ap-
proach the moving objects with the end effector [8,15,16], limited
to smoothing the trajectory of the end-effector when approaching the
target, but leveraged many assumptions and considered very low target
motion. In recent years, the literature has focused much more on vision
systems, and the trend then moved to track the 6-DoF pose of the
object while moving and generate the grasp based on the current object
pose [7,171, or its future prediction based on the results of the tracking
method [9,18]. However, such methods can still handle very low object
velocities due to the computational demand of the 6-DoF tracking or
uncertainty in the prediction. Recent methods, instead, concentrate
on maintaining grasp consistency across subsequent frames, exploiting
similar semantic features in an arbitrary time horizon [10,11,19]. How-
ever, even if the vision modules of the task are becoming increasingly
complex, the actual grasping demonstrations are still limited to objects
with very low speed because all such methods lack a robust and reactive
low-level controller that makes the robot fluently behave according
to the target motion. The proposed study aims to bridge this gap by
introducing a reactive grasp controller inspired by humans, who are
very good at grasping moving objects, and, in particular, implements
the human motion model established in [12,13].
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Some other approaches exploit reinforcement learning techniques
to learn a policy for grasping moving objects [20-22], but they do not
scale well to unknown scenarios.

On the aspect of the motion module, sampling-based motion plan-
ning methods are widely used in robotic manipulation [23] since
they are able to handle high-dimensional systems better than graph-
based methods. However, they are global methods that are usually not
reactive since they optimize for a trajectory using a full explicit map
of the environment by randomly sampling the robot’s configuration
space to identify a sequence of feasible nodes from the start to the goal
and might need to plan from scratch when that map changes, resulting
in slow and inefficient implementations that cannot easily adapt to
environments explored online.

Alternative approaches use offline trajectory planning conducted be-
fore the robot’s movement to compute an optimal initial guess and then
apply trajectory planning online during execution. Recently, stochastic
trajectory optimization (STO) methods, e.g., Via Point-STO [24] and
chance-constrained Via Point-STO [25], have been utilized to optimize
over a continuous trajectory space defined by via points. Although these
approaches have been successfully implemented in different robotic
systems, the online capability is still challenging.

Recently, some potential-based methods, like STORM [26] and
RAMP [27], have been proposed for online collision avoidance in
dynamic scenes, but are not developed to reach a moving target as
required by dynamic grasping.

This study tests the proposed method and compares it against some
state-of-the-art baselines in three different contexts resembling generic
industrial and service robotics tasks: (i) grasping objects moving on a
conveyor belt, and two human-robot collaboration tasks that are (ii)
grasping objects that can move during the robot’s motion toward the
target due to the interaction of a human operation, and (iii) human-
to-robot handover. The work presented in [9], which introduces a
reachability and motion-aware dynamic grasping framework predict-
ing the grasp quality based on the current motion of the target and
replanning by utilizing a solution from the previous time step, is used
in the conveyor setting (i) along with [10] that, instead, tracks grasps
by matching the semantic feature in the local area around the grasps
across subsequent frames. In the other two human-robot collaboration
convolutional neural network in a closed-loop visual servoing approach
to react to target location changes during the trajectory execution of the
robot. Furthermore, the work in [10] is also used for a comparison in
the tabletop setting (ii).

Different from the previous works, the proposed approach is able
to change the trajectory of the end-effector on the fly depending on
the target position and velocity changes, even if the object moves very
fast, being more reactive. Several experiments have been performed
on the conveyor setting with different velocities up to 8 m/min, a.k.a
13,33 cm/s. In addition, the method is based on a human motion
model, making it interesting for future improvement, and the decou-
pling between the hand and the rest of the robot body with trace
control lets the approach be versatile. Indeed, our approach can work
in all the settings without applying any changes to its structure, while
the others, due to their pipeline, can fit with at most two settings.
Moreover, our method does not use any pre-computed set of paths or
have any a priori knowledge of the model of the object. It is also robust
to external disturbances and uncertainties in nominal conditions, and
can even handle obstacles along the planned trajectory, modulating the
approach velocity till completely stopping for safety reasons, showing
adaptability to dynamic environments. Furthermore, it can be proved
to be stable under Lyapunov stability.

3. Proposed approach

According to the human motion model presented in [12,13], a
person who wants to reach a (moving) goal tries to execute a straight
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line in the joint space and reactively adjusts the path whenever the
conditions change. Considering that we, as humans, are very good at
grasping dynamic objects, this work proposes an implementation of
such a strategy for robotic manipulators where the initial straight line
in the cartesian space is shaped considering every new target position
in real time.

The following first formally presents the problem, and then moves
to the cartesian real-time planning and the reactive grasping control for
executing and updating the path.

3.1. Problem formulation

Consider a robot B with N joints moving in a workspace W c R3,
q=(0,,...,0y) is the N-dimensional vector representing its configura-
tion in C ¢ RN, and u € U c RY is the N-dimensional vector of the
control inputs. The robot has a first-order dynamics, thus the control
inputs are velocities v = ¢, and its state is defined as x = ¢ € X.
Given an initial state x(0) = ¢,,, and the desired pose of the end-
effector T,,,(t) € SE(3) corresponding to a configuration for grasping
a target (moving) object P (1) € SE(3) at time ¢, the objective is to
find a sequence of feasible control actions u : [0,7] — U that drives
the robot from g, to ¢,,, while ensuring FK(q(?)) is collision free
Vt € [0, T] for eventual objects along the generated cartesian path.

3.2. Reactive end-effector line waypoint generation

The main idea is to compute and update in real time the most direct
path between the end-effector and the target in the cartesian space
and use it as a reference for the gripper. The approach fits well with
most industrial tasks where precise placement of the terminal tool is
required, while less attention can be put on body positioning.

Given a starting configuration g,,,, we define Ty,,,, = FK(qy,..) €
SE(3) the starting pose of the end-effector and ee,,, € R’ the cor-
responding translational component, the algorithm generates a straight
line path from eey,,,, to ee,,, () coinciding with the target position p,(#)
with W,(1) waypoints EE(1)," = 1 oal =
wy, } equally spaced with step § € R. In EE(?),;, the pedex represents
the starting point of the path, while the apex represents the final point.
In the following, apex and pedex are omitted if they coincide with ee,,,,
and ee,,,,. It is worth noticing that the number of waypoints can vary
over time as the path changes, but the time dependency is omitted to
streamline notation. The path EE(r = t,) at a specific time ¢t = ¢, can be
represented as EE(t = 1) = {EE(0),,"" = EE~U EE(:)Z;; . = EEY},
i.e., the union of previously executed waypoints for 7 < ¢, and the set
of remaining waypoints for + > ¢, being w; the waypoint at current
time r.. The approach can be used either if the target is still or if it
moves since the upcoming path EE™ is always updated at runtime,
generating eventually a non-linear closed-loop motion, as shown in
Fig. 1. However, if the target moves with continuous acceleration
and without abrupt velocity changes, the angular variation of the line
connecting the end-effector to the goal remains continuous, resulting
in a smooth closed-loop path. Such consideration usually holds in
controlled industrial scenarios. Fig. 2 graphically explains the concept
and shows that the angular rate of change Ay of the line can be roughly
approximated as:

{eesar = Wi Wy, ... Wy, ee

4y asin(’L) &)
yNasmE,

where v is the component of the target velocity vector v, perpendicular
to the line and R is the distance from the target. This type of control
is well-known in mobile robotics [29], being the foundation of pure
pursuit controllers.
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Fig. 2. Relation between heading variations 4y and target speed v,.

3.3. Reactive grasp controller

To decouple the convergence on the path from the advanced speed,
a trace control approach is used. However, this technique requires
the closed-form equation of the curve C(p) = 0 that the end-effector
should follow, where p = [x,y,z]7 € R’ represents the generic
point in Cartesian space. Since EE(¢) is a time-varying path composed
of a non-constant number of waypoints, a least-squares polynomial
approximation is used locally to the current position of the robot’s end
effector p,, to generate a local approximating polynomial C(p). Being
W, = argmin,ecppq lw — p,ll, the waypoint closest to the current
position of the robot’s end effector, EE = {Weess}> 1 €10, L] represents
the local set of waypoint adjacent to w,,. We formulate the analytic
expression of the interpolating polynomial in three-dimensional space
as the intersection of two surfaces. The generic univariate polynomial
F(), ¢ = {x,y,z} of degree D representing a surface in the 3D space
can be expressed as a function of ¢, such that F(§) = Fgf, where
I = [y, ....7p] is the vector of coefficients and ¢ = [1,¢, ¢ .,ehr
the basis vector.

By expressing y and z as a function of x, the local polynomial
approximation C(p) is obtained by solving the intersection of two
surfaces described by the following system of equations:

_ -
Coy {y v @

z=1TI,x

where the coefficients I', and I', are obtained by minimizing the
distance between each surface and the considered waypoints in EE as:

rr}iyn(f’ -X ryT)z, rr}izn(z -Xrry, 3)

in which ¥ and Z are the y, and , z components of each waypoint in
EE, respectively, while X is the polynomial matrix of power:

X =% Xorg]! € RELHDX@+D )
Therefore, the closed-form equation of the curve C(p) = 0 can be
obtained from Eq. (2) as:

_ — I x
oy = [ﬁ 3 F:;] - [g] ®)

The choice of the polynomial approximation is not unique since the
same procedure can be repeated using the other two basis variables
y and z, and obtaining the set {E(p)|x,6(p)‘y,a(p)|z}. Therefore, the
selected polynomial approximation is chosen according to the variable
¢ that presents the polynomial matrix of power ¢ (in Eq. (4)) with the
lower conditioning number ||| - |€~'||. In the following, we assume to
choose ¢ = x without losing generality.

The formulation of trace control is derived from Lyapunov’s stability
theory by proposing the following Lyapunov’s function candidate,

V) = 2COLEDY, ®)

which is positive-definite everywhere except on the trace C(p), By
deriving Eq. (6) with respect to time, we get:

V =Cp)Cop)h %)
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where C‘p(p)|x = aC(p)|X /op and p = J(q)4, assuming a pure kinematic
control which means directly controlling the robotic arm joints veloci-
ties ¢ through the Jacobian. Since variables are decoupled, C_’p(p)‘x can
be easily computed in closed form as:

aé X

|x Fy ox Fy D—-11T

= - _—=— 0,1,x,...,Dx . 8
ox |:sz| 0x [F (0.1, x, ] ®)

z

leading to the complete form of the matrix C_‘p(p)‘x as:

) -nE 1o
Con=| 5% ©
-Ir,— 0 1
ox

Choosing an orthonormal basis S(p) of the null space of Cp(p)|x,
ie., C_p(p)|xS(p) = 0,Vp, and a right-pseudoinverse of the robot’s Jaco-
bian J(¢), we can write following stabilizing control action in closed-
form:

i==I"@C] P&+ T (@S (10)

where ¢ and a are two scalars for tuning the convergence rate on the
curve C(p)|x and the advancing speed, respectively, and a closed-form
expression of a basis S(p) € R? of its null space is:

1

ox
S =|"ox an
0%
Zox
Substituting Eq. (10) in Eq. (7), we get:
V =-C)C,0C,) (0 Cp))i& 12)

which is semi-negative defined when & > 0, guaranteeing the stability of
the curve C(p),, and the asymptotic attractiveness on its neighborhood,
according to Lyapunov’s stability theorem.

Therefore, a closed-form of Eq. (10) can be written having only
the current end-effector position and the interpolating polynomial.
Theoretically, some points could exist outside of the curve C(p)|x that
verify V' = 0 but are not attracted toward the curve. These points are
the ones that belong to the kernel of C‘p(p)|x, where the derivative of
the curve loses rank. However, our closed-form of Eq. (10) ensures the
stability of the approach and the attractiveness of the polynomial curve
C‘(p)|x for each point of the space since the matrix in Eq. (9) never loses
rank.

3.4. Orientation control

Being R,.(q(1)) € SOQ) and R,,, € SO(3), the rotation matrices
representing the current and desired orientation of the end-effector,
respectively, the orientation error eg(¢) can be expressed using the Lie
algebraic formulation as:

er(t) =108(R],, Reo(q(1))’ € R3, (13)

where log(-) is the matrix logarithm from SO(3) to so(3), and (-)V
represents the v-operator mapping skew-symmetric matrices to R?. To
reject the orientation error we use the following control action:

dr = KpJh(@®)eg(®) (14)

where Ky, is a scalar weight to tune the convergence rate and J;(q(t))
is the right-pseudoinverse of the orientation Jacobian of the robot.

3.5. Control actions

The two control actions introduced in Sections 3.3 and 3.4 are
combined into a single control law to fulfill both tasks simultaneously
based on Lyapunov’s stability theory. The proposed control requires 6
DOFs (3 for orientation and 3 for position) and thus can be applied to
any robots having at least 6 DOFs. In particular, the convergence on
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the path and the orientation errors are vertically stacked into a single
error vector, as in the following equation:

o= [C (P)] (15)
¢R

The proposed Lyapunov’s candidate function is:
1 | = = 1

V= EeTe = EC(p)TC(p) + Eeﬁek (16)

where we can find the same Lyapunov candidate presented in Eq. (6)
for trace control, and an additional term referred to the orientation. By
deriving Eq. (16) w.r.t. time, we get:

. C,(p)J

V—oTe ol [ 0 @)] an
—Jr(@)

and rearranging the matrix containing position and orientation Jaco-

bians, Eq. (17) becomes:

. C O3x3
V= [ on Im] J@i=< AT as)

where J is the complete Jacobian of the manipulator. Introducing the
matrix:

S
B = [03(5’3] RS, 19)

the stabilizing control law for the proposed Lyapunov candidate is
expressed as:

g=-J'(@ATKe+J (@) Ba (20)

where K > 0 is a diagonal matrix of weights for individually controlling
the two error dynamics and « is a scalar term that controls the ad-
vancing speed on the trace. Neglecting the weight matrices to simplify
the notation and substituting the proposed control law (Eq. (20)) in
Eq. (18), we get:

V=—e"AATe+e" AB

T —C‘,,(p(;@;(p) _01] erdl [C_‘p(p())S(P)] 21

The second term of Eq. (21) is zero because .S(p) is an orthonormal basis
of the null space of C‘p(p) by construction, as explained in Section 3.3.
Expanding the first term we get:

V ==Cp)" C,(n)C} (MC(p) = eheg <0, (22)

which is semi-negative defined. Therefore, the control law in Eq. (20)
satisfies Lyapunov’s theory for the candidate presented in Eq. (16),
ensuring the stability of both tasks. However, the stability of the
advancement task is not guaranteed. Nonetheless, it represents a feed-
forward term that does not perturb or interfere with the asymptotic
stability of positioning and orienting tasks.

3.6. Micro-interpolation

The control actions just described are generated at 60 Hz and can
lead to discontinuities in the motion of the robot, potentially causing
high jerk peaks. To solve the problem, a micro-interpolation step ap-
plies a sigmoid function between individual control steps, sending final
smooth control velocity actions ¢ to the robot at 1 kHz. The sigmoid
function used is continuous at the switching points until the second
derivative (jerk), ensuring the smooth transition.

Hereafter, a single joint is considered, but the same applies to
all the others. The microinterpolation module receives the reference
velocity v, every T, seconds at 60 Hz. Assuming to receive v,,,, at
tewrr and being v, the target velocity at the previous period 1,
the microinterpolation generates the new velocity v,., weighted with

a sigmoid profile ¢ to pass from v,,,, to v, over the time elapsed

Robotics and Autonomous Systems 200 (2026) 105401
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Fig. 3. Normalized sigmoid function over the nominal period 7, considering
Uprepy = 0 and v,,,, = 1. The dashed line represents the rising time 7, to reach

the new reference (80% of 7).

from the last received update t; = (t - ,,,,)/T,, where T, is the desired
rising time that corresponds to an arbitrary percentage of 7, as:

Taet() = (1= 6O) Fprop + 0O Py (23)

The sigmoid function is continuous at the switching points until the
second derivative (jerk), thus ensuring a smooth transition between
extreme values. It is graphically depicted in Fig. 3 and analytically
presented below:

0 t; <0
o(ty) = tz (63 — 1514 +10) 0 <1y <1 24)
1 ty>1

3.7. Collision aware velocity regulation

The control action proposed in Eq. (20) allows adjusting the ad-
vancing speed on the trace at runtime by changing the scalar value
a. This is useful for two reasons: (i) increasing the speed for grasping
the moving objects to avoid the tail-chase effect, and (ii) slowing down
and eventually stopping the velocity to avoid potential collisions with
dynamic obstacles on the path to guarantee a safe and controlled
robot’s behavior. To this end, an octomap-based obstacle detection
module has been embedded in the framework to monitor changes
in the scene without prior knowledge of the environment. Since the
planner generates a deterministic linear path in real time, the proposed
approach can look at the incoming path EE* to detect obstructed
waypoints that are closer than a threshold distance d,,;, to any obstacle,
which represents a potential collision for the end-effector. Therefore,
the value of « is adjusted at runtime as:

Imax = d(Pee: Wo)

Appax — 4, (25)

a=1-—
max min

where d(p,,,w,) is the distance from the current position of the end
effector p,, to the first blocked waypoint w,, and d,,,, is the maximum
value for which this slowing effect is considered. As a consequence,
the robot linearly reduces the velocity when approaching an obstacle
until reaching a complete stop when the distance reaches d,,;,. As soon
as a collision-free path to the target becomes available the robot starts

moving again.
4. Experimental validation

The method has been tested on a real robot in three dynamic
experimental settings relevant to many industrial and manufacturing
tasks:

1. grasping moving objects on a conveyor belt (one axis)
2. grasping objects that change location on a plane (two axes)
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Fig. 4. Camera setup. Left: task 1; Right: tasks 2 and 3. The Realsense camera
is used for long-medium range distances, while the FireFly S in-hand camera is
used in the short range of the final phase grasp when the other camera cannot
detect the target due to occlusions.

3. human-to-robot handover where the target object can move in
space (three axes).

The experiments have an increasing level of difficulty in terms of the
degrees of freedom of the target object’s motion to be handled. The
latter two cases involve human-robot collaboration tasks. It is worth
noticing that all three settings represent open problems in the robotic
grasping and manipulation research and require specialized solutions.
Demonstrations in the three different contexts are showcased in the
supplementary material video.

The method has been executed in a docker container with ROS
Noetic on a PC with Intel Core i9 having 32 GB of RAM and Nvidia
GeForce 4070 with 8 GB vVRAM running Ubuntu 22.04 LTS. The ex-
periments have been conducted on the Franka Emika Panda robot,
employing a double camera setup for all the tasks: task 2 and 3 present
the same setup and grasping strategy, while task 1 is a little bit differ-
ent. In particular, in task 1, an external Realsense 435 camera has been
used with a top-down view looking at the conveyor, in combination
with an eye-in-hand RGB Firefly S camera having a 1/2,5" 3.6 mm
S5MP optics. For tasks 2 and 3, the Realsense 435 camera has been
utilized in combination with the Firefly S camera as a double eye-in-
hand configuration on both sides of the parallel-jaw gripper (see Fig.
4). It is worth noticing that the choices of the Firefly S camera, its
optics, and the rapidly prototyped printed support have been designed
on purpose to guarantee that the target object remains visible until the
last grasp phase, as depicted in Fig. 5. The following formulas detail
the design choices:

h_FoV = 2arctan % = 2arctan 4.968 =69.21° (26)

v_FoV = 2arctan % = 2arctan 3.726 =54.72° 27)

L, =2h-tan h-l;”V =169.6 - tan34.6° = 11.7 cm (28)
LX

L,=—= 8.78 cm (29)
p

where w and h are the width and height of the camera sensor, f is
the focal length, p is the ratio between the horizontal and vertical
resolution of the image sensor, 7_FoV and v_FoV are the horizontal
and vertical field of view, and L, and L, are the horizontal and
vertical space covered by the image at distance 4 from the sensor. The
cameras have been calibrated to know the intrinsic parameters, and
for the external camera in task 1 a robot-camera calibration has been
performed for the extrinsic parameters.
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Fig. 5. FireFly camera setup for a close-up view guaranteeing object visibility
in the final grasping phase.

Since the presented method does not focus on the perception part,
color detection and Aruco markers are used to detect the grasping pose.
Cubes from the YCB dataset [30] of size 2,5 cm are employed in tasks 1
and 2, while Mustard, Foam Brick, Plastic Banana, Hammer, Spam Meat
Can, Screwdriver, and Plastic Duckie (still from the YCB dataset) are
involved in the human-to-robot handover. Color detection is exploited
from the external Realsense camera in task 1, while Aruco marker
detection is always employed by the Firefly S and by the Realsense
in the other tasks. For tasks 2 and 3, the orientation followed during
the execution of the entire trajectory is not the one required to grasp
the object, rather it is adapted on the fly to maximize the chances
of keeping the target inside the vision cone of the Realsense camera,
which is used for long/medium distance detection. The strategy aims
to orient the gripper along the line connecting the Tool Center Point
(TCP) to the goal position, considering that the Realsense camera is
mounted parallel to the gripper. To this aim, a virtual orientation that
matches the direction of the incoming straight path EE* is generated
at runtime and sent to the controller. A weighted SLERP interpolation
is then applied to obtain the actual gripper orientation by merging the
virtual pose and the one detected through the camera for grasping. The
weight used is proportional to the distance to the target, thus allowing
a smooth switching to the orientation necessary for grasping when
approaching the target, i.e., when a clear image is available from the
other close-up camera.

The general strategy for the positioning of the gripper is the same
for all three tasks: it updates the remaining path EE™ in real-time based
on the latest available target position detected through the cameras as
explained in 3.2. Additionally, a synchronization mechanism has been
developed to handle conflicts between the detection modules when
both cameras detect the target simultaneously: in these cases, the Re-
alSense camera takes the lead over the other. As soon as the Realsense
is no longer able to detect the target, the system switches to the close-up
camera, as depicted graphically in Fig. 5, guaranteeing a precise finger
positioning. A different advancing speed on trace has been selected for
each experiment: for tasks 1 and 2, the chosen speed is constant, while,
in task 3, the actual speed of the gripper is changed at runtime in a way
that it is inversely proportional to the distance between the gripper
and the interaction area with the operator, showcasing safe behavior
when approaching the handover. Finally, the three tasks have been
repeated by introducing dynamic obstacles along the path to stress the
robustness of the planner to perturbation.

The proposed method has been compared with three state-of-the-art
approaches for the corresponding tasks: [9] for task 1, [28] for task 2
and task 3, and [10] for task 1 and task 2.

4.1. Grasping moving objects on a conveyor belt

Two conveyor belts with the following characteristics have been used:

(a) the conveyor is large 0,08 m and long 1,0 m, with an effective
length between the start positioning of the objects and the
photocell, which stops the movement, of 0,9 m. The nominal
speed is 5 m/min.
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Fig. 6. Taskl: grasping moving objects on the conveyor belt.

(b) the conveyor is large 0,5 m and long 1,60 m. The speed can be
changed on the fly from 0 to 16 m/min.

The setup with conveyor a is depicted in Fig. 6-a. The top-down Re-
alsense camera runs at 60 Hz with a resolution of 640 x 480, detecting
the top of the cube via color segmentation after cropping the region
of interest (ROI) that contains only the conveyor belt. The robot has a
home configuration, which is 90 degrees perpendicular to the longitu-
dinal direction of the conveyor, and starts moving once the Realsense
camera detects the cube for the first time. Then, the end-effector follows
the cube (Fig. 6-b), and once it is in the final grasping phase, the gripper
occludes the view of the external camera, but the eye-in-hand running
at 60 Hz can detect the Aruco marker attached to the side of the cube
(Fig. 6-¢). The same applies to conveyor b. Nominal conditions are as
follows:

+ constant speed at 5 m/min, which is not known by the robot, thus
being estimated from the perception module

- initial position of the target is at zero coordinates of the conveyor
frame

Perturbations and uncertainties have been applied by (i) pausing and
restoring conveyor a multiple times during the target movement, (ii) us-
ing different initial positions along the direction of motion of conveyor
a, (iii) using conveyor b with different constant and dynamic velocities,
(iv) using different initial coordinates and (v) orientations on conveyor
b. The task ends either successfully if the robot grasps the cube before
it reaches the photocell or fails otherwise.

4.2. Grasping moving objects in human-robot collaboration

The robot should grasp a cube placed on the table in a working
area of 0,6 x 0,4 m. The cube presents an Aruco marker on the top
surface. The hardware configuration is the double eye-in-camera, where
the Realsense running at 60 Hz is in charge of detecting the cube from
the long-medium range, and the Firefly S, running at 60 Hz, is used for
a close-up view in the last grasping phase. The experiment starts when
a cube is placed on the working table and the vision system, pointing
toward the table, detects it (Fig. 7-a). While the robot moves to grasp

the target, the cube is moved two or three times on the plane with rapid
touches through a tool (Fig. 7-b) that lets it move of few centimeters
with respect to its previous position (Fig. 7-c). The task ends if the robot
can grasp the cube (Fig. 7-d) or if it is not able anymore to track the
target.

4.3. Human-to-robot handover

Seven objects from the YCB dataset (i.e., Mustard, Foam Brick,
Plastic Banana, Hammer, Spam Meat Can, Screwdriver, and Plastic
Duckie, shown in Fig. 8), are involved in this experiment. An Aruco
marker is attached to each object and represents the grasping point for
the end-effector, while the grasping depth is adjusted accordingly to the
specific object. In a trial, an object is held in the hand of an operator
to perform the handover with the robot. It is worth noticing that the
operator had not performed any adjustment aimed at increasing the
grasping possibilities: if a possibility of cheating was detected the trial
was repeated. There is a safety distance between the operator and
the robot: the interaction can happen just in a designed interaction
area, where only the hand of the operator is present. The hardware
configuration is the same as the previous task. The experiment starts
when one of the objects enters the interaction area and the vision
system, pointing toward the operator, detects it (Fig. 9-a). As the robot
moves to perform the handover, the operator can adjust the pose of
the target until the final grasping phase since it may be difficult for
the operator to maintain the same configuration for the whole robot
trajectory execution (Fig. 9-b). The speed of the robot decreases for
safety reasons while approaching the area covered by the operator, who
is detected through the Google MediaPipe 3D body pose estimation.
Fig. 10 shows the 2D skeleton detection and the 3D area represented
as a red cylinder. The task ends if the robot can grasp the object (Fig.
9-c) or if it is not able anymore to track the target. The experiments
were repeated in various relative arrangements between the initial
configuration of the robot and the target pose, while ensuring that the
object was visible to the in-hand camera at the start of each trial. This
constraint is illustrated in Fig. 11, which highlights the limited field of
view of the wrist-mounted RealSense camera.

@

Fig. 7. Task2: grasping moving objects in a (potential) human-robot collaboration scenario.
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Fig. 8. Objects used in task 3.

4.4. Collision aware velocity regulation

The previous tasks have also been repeated by introducing a dy-
namic obstacle in the scene, interfering with the trajectory of the
end-effector, to further test the robustness of the method to external
perturbations and uncertainties and prove its safety mechanisms. It is
worth noticing that the other three baselines cannot handle dynamic
environments.

5. Discussion

Each task has been repeated several times to be statistically signif-
icant, and Table 1 summarizes the statistics of the comparison in the
three tasks under different experimental settings.

Experiments for Task 1 were conducted under three conditions: (i)
15 trials under nominal conditions on conveyor a; (ii) 30 trials introduc-
ing perturbations and uncertainties, including pausing and resuming
the motion (10 trials), varying the initial position within 30 cm of
the nominal setup on conveyor a (10 trials), and changing the object
orientation to —45°, 30°, 60°, 90°, and 135° relative to the nominal
pose on conveyor b (10 trials); and (iii) 15 trials on conveyor b with
non-nominal velocities and varying initial poses.

It is worth noticing that in our approach, no velocity model has
been used. However, it is important to select an advancing speed for
the robot greater than the conveyor belt’s nominal speed to avoid
tail-chase scenarios characterizing pure tracking techniques that would
have made the experiments unfair. The errors for our method (one
with nominal conditions on conveyor a, two with perturbations and
uncertainties on conveyor a, and two on conveyor b) are due to four
main reasons: (i) in the final part of the conveyor near the photocell,
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Fig. 9. Task3: human-to-robot handover.

the robot is close to a singularity, which reduces its precision, both in
terms of position and orientation (ii) there is no closed loop feedback
during the closure of the gripper, thus, once the closure is triggered,
even if the camera detects a new change of the target in that fraction
of second, there is no way to recover, (iii) if the velocity of the conveyor
is set higher than the maximum velocity set for the robot it is unable to
reach the target, (iv) with 135° orientation offset, the target moves in a
direction opposite to the line of sight of the close-range camera, leading
to a temporary loss of visual tracking and subsequent misdetection.
For the latter case, it is worth noticing that when the orientation
offset was —45°, the grasp was executed successfully, leveraging the
symmetry of the parallel-jaw gripper. This outcome indicates that the
observed limitation is primarily related to the hardware design rather
than to the proposed method itself. Different velocities have been
used up to 8 m/min successfully. The two baseline methods [9] and
[10], instead, were found not to be able to perform dynamic grasping
at a speed higher than 2 m/min. The main problem in [9] is the
continuous replanning caused by unnecessary changes in the grasping
configuration. The only chance [9] had to grasp the moving target
was when the conveyor stopped and the object remained in its steady
position on conveyor a or with very low speed (i.e., less than 2 m/min)
on conveyor b. For [10], the failures were due to the fact that the low-
level controller was unable to handle higher speeds, and, in addition,
the tracking lost the grasp on the target object at high speed.

The experiment for task 2 was repeated 30 times, perturbing the
target multiple times during the robot’s motion. The motivation for the
(single) error of our method is related to the second reason discussed
in Task 1: the operator moved the object abruptly after the trigger to
close the gripper was issued. The method presented in [28], instead,

Realsense D435i
Hor. & Vert. FOVs

Horizontal angle variation
(x30° on each side)

Vertical angle variation
(+x15° on each side)

+1 ST\n

Nominal

D INTELLIGENZA

Fig. 10. MediaPipe 2D and 3D human detection.

Fig. 11. Field-of-view analysis of the wrist-mounted camera in the human-to-robot handover setup.

Due to the limited field of view of the RealSense camera, reliable target detection is ensured
only within an angular variation of approximately +15° in the vertical direction and +30° in
the horizontal direction around the nominal pose.
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Table 1
Experimental validation and comparison results.
Methods Task 1 Task 2 Task 3
Nominal conditions Perturbations and uncertainties Different static and dynamic velocities succ | avg time | effort succ | avg time | effort
succ | avg time | effort succ | avg time | effort succ | avg time | effort
ours 93,33 - 4,65 - 1,57 90,00 - 5,31 - 2,01 93,33 - 3,42 - 2,25 93,33 - 8,35 - 1,30 94,28 - 12,24 - 0,13
[9] 0-- 13,33 - 18,29 - 3,37 6,33 - 19,36 - 4,49 - -
[28] - - - 56,66 - 13,4 - 1,32 20,00 - 15,21 - 0,20
[10] 0-- 26,67 - 7,12 - 2,32 13,33 - 8,12 - 3,80 60,00 - 11,2 - 1,42 -
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Fig. 12. Velocity (left) and acceleration (right) profiles of the seven joints of the robot captured during a set of 10 executions while performing task 1. The
graphs depict the values obtained during a single execution of the task (red) and the envelope (light blue) obtained by overlapping the readings of the other

executions.

failed multiple times due to two main reasons: (i) the limited camera’s
field of view of the depth compared to our multi-camera setup, (ii)
basic Cartesian control that could end up in singularities, contrary to
our method that guarantees control stability. The other baseline [10]
performed slightly better than [28]. Its failures were related to tracking
errors of the target grasp during the object motion, especially in the last
15 cm along the z-axis.

The experiment for task 3 was repeated five times per object,
registering two errors. The first was caused by an inaccurate estimate
of the target pose immediately before gripper closure. The second
resulted from a temporary loss of visual contact with the object when
testing extreme camera field-of-view angles; this limitation is primarily
attributable to the hardware design rather than to the proposed method
itself. The same considerations about the failures of [28] discussed for
task 2 can be applied here.

Concerning the collision avoidance capabilities, the experiments
have been repeated 10 times per task. Only one failure has been
registered with the conveyor experiments since the obstacle persisted
too long on the path, thus not giving the robot the possibility to reach
the target.

5.1. Method analysis

Our method ensures a smooth path for the end-effector from the
starting configuration to the target goal, and the micro-interpolation
guarantees sending smooth control velocity actions at 1 kHz. Fig. 12
depicts the velocity and acceleration of the seven joints of a run in task
1, which is the one with the fastest dynamics, along with their envelope
across 10 trials using all the same experimental settings with a conveyor
speed of 5 m/min. The plots show that the method is consistent since
the spread of the graphics is limited. Additionally, Fig. 13 shows the

effect of the microinterpolation step, without which it is evident that
the profiles are more jerky. The quantities are obtained with the same
procedure that was previously used.

To further assess the benefits of the proposed approach and show-
case its applicability in generic scenarios of dynamic grasping, we
tested the method against two widely used closed-loop techniques to
control a robot, i.e., visual servoing (VS) and pseudo inverse Jacobian
algorithms (P1J), in a controlled physical-based simulated environment
(ROS Gazebo). The proposed scenarios have been designed to resemble
those used for testing in real-world environments, involving a small
target that moves with variable speeds on fixed trajectories, which are
graphically shown in Fig. 14. To ensure the fairness of the comparison,
all three methods can access the target’s position directly, thus under-
lying perfect sensing. Additionally, since VS and P1J cannot reject the
tracking error from a moving target, they have been embedded with
the same PI (proportional-integral) controller used in our approach to
avoid the tail-chase effect when traveling at a speed closer to the target
one. Finally, all three methods have been properly tuned to guarantee
the same maximum controlled velocity of the end effector. It is worth
noting that the closing of the gripper has not been considered during
these experiments, as the execution is considered successful if the robot
can reach the target pose with the end effector with a maximum error
norm of 2.5 cm (the object’s size) and 0.3 radians. Multiple trials have
been repeated, changing the target speed in the range [2, 5, 8, and
11 m/min] on linear trajectories (resembling task 1) and with the
nominal speed of 5 m/min on curved paths. Table 2 summarizes the
achieved results in terms of success rate, average completion time,
cartesian path length, and overall effort, intended as the amount of path
traveled in configuration space before reaching the target. The results
reported in Table 2 are obtained by averaging the outcomes of all
the executions, considering the actual value for successful executions,
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Fig. 13. Sigmoid microinterpolation function applied to a portion of a velocity command. The velocity command (60 Hz) is interpolated, and a smooth velocity

reference for the robot is generated at 1 kHz.

Fig. 14. Scenarios used to compare the proposed reactive grasp controller against visual servoing and pseudo inverse Jacobian algorithms in the ROS Gazebo
physics-based simulation. Multiple trials have been repeated, changing the target speed in the range [2, 5, 8, and 11 m/min] on linear trajectories (resembling

task 1) and with the nominal speed of 5 m/min on curved paths.

and the worst value among all methods for failures. The proposed
approach obtained better performance in all the tasks and metrics. In
particular, other than achieving the highest success rate, our method
could perform the tasks within the shortest time and cover the shortest
distance among the three, both in task space (which was expected as
we follow the shortest path to the goal as a design choice), and in
configuration space, thus achieving the smallest effort. The failures
observed in the competing methods mainly arise from their limited
ability to rapidly track and follow the moving object. Visual servoing
approaches generate cartesian velocities for the end effector that are
typically capped and require careful tuning of the maximum speed
along each axis. Consequently, their performance is highly sensitive to
the target pose and tends to be overly conservative when handling fast
motions. Pseudoinverse Jacobian control, on the other hand, produces
joint commands that minimize the norm of the required joint velocities
to reduce the error. However, since these actions are applied in open
loop, the resulting motion does not necessarily follow a straight path in
Cartesian space, which can lead to inefficient trajectories. By contrast,
our planner explicitly enforces motion along the straight line toward
the goal through the trace controller, guaranteeing predictable and
consistent trajectories. This approach directly contributed to improved
overall performance, as demonstrated by our experimental results.
Current grasp synthesis methods can hardly generate or track grasps
at high frequency. Therefore, we analyzed the effect of different re-
sponse times of the vision module mimicking diverse grasp synthesis

speeds (30 Hz, 15 Hz, 10 Hz, and 5 Hz). Even in this case, task 1
has been selected because the target moves faster than the other two
settings, making it more challenging. 10 trials per frequency have been
performed for different conveyor speeds (3m/min, 5m/min, 8m/min).
Table 3 summarizes the achieved results in terms of success rate.
The values show that higher conveyor speeds require higher vision
frequency. However, until nominal speed (5m/min), which is already
quite high compared to other state-of-the-art methods, the proposed
approach appears to be robust even to a slow perception rate.

The approach has been proven to be usable in different contexts and
robust to nominal conditions and obstacles along the path, modulating
the advanced velocity accordingly. The model assumption is that the
target moves with smooth velocity, which is, though, plausible in
many industrial service robotics applications. The failures noted in
the aforementioned tests are mostly related to the lack of feedback
between the last grasping instants and the reactive grasping controller.
Therefore, once the grasping is issued, the action continues even if the
target moves without any recovery possibilities. The integration of an
in-hand sensor, either tactile or visual, will be considered in future
works to further improve the performance of the method. Additionally,
the presented solution at the moment can only handle obstacles along
the path modulating the advancing velocity, but does not present a
proper collision avoidance mechanism that inspects the environment
and shapes the line accordingly to avoid obstacles while still going

Table 2 Table 3

Results of the low-level controller comparison. Sensitivity analysis on the effect of vision frequency rate.
Method  Succ. [%]  Fails [%]  Cart.PathLen. [m]  Effort [rad]  Time [s] speed 30 Hz 15 Hz 10 Hz 5 Hz
OURS 72.727 27.273 1.446 6.450 7.339 3m/min 100% 100% 100% 70%
P1J 45.455 54.545 1.599 7.131 9.321 5m/min 100% 100% 30% 0
Vs 45.455 54.545 1.595 7.100 8.800 8m/min 100% 100% 0 0

10
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toward the forecasted object position. This aspect will also be explored
in a future extension of the work.

6. Conclusions

Robots should exhibit the ability to react to unstructured and uncer-
tain environments, adapting their trajectory online depending on the
changes in the surroundings to achieve an efficient and safe collabora-
tion.

Other works in the field of dynamic grasping concentrated on the
perception aspect of the problem, proposing always more complex
solutions to track and forecast the object or the candidate grasp across
frames, trying to ensure consistency. However, the results are limited
to low target motion due to the lack of a dynamic control approach.
Therefore, this work presents a reactive grasp controller inspired by an
established human motion model. The method generates at each time
step a straight line in the cartesian space from the current position of
the end-effector to the target pose that is then shaped considering the
movements of the target object over time. A trace controller makes the
end-effector remain on the path and allows scaling the velocity depend-
ing on the relative distance between the end-effector and the target,
and eventually other factors in the surrounding environment, like the
presence of humans. Control actions are sent to the robot controller as
smooth velocity commands at 1 KHz to be reactive. The method has
been tested and compared with three state-of-the-art methods in three
different contexts resembling generic industrial and service robotics
tasks: (i) grasping moving objects on a conveyor belt, (i) grasping
objects that can move during the robot’s motion toward the target
due to human operation actions, and (iii) human-to-robot handover,
achieving almost perfect success rate in all of them. Comparisons show
that the proposed approach outperforms the baselines.

Future directions involve further development of the collision avoid-
ance mechanism to make the reactive grasp controller even more
generally applicable and the integration of a grasping feedback to
connect the closure of the gripper with the motion of the robot during
the last instances of the grasping.
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