This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

@ C@gﬁ;g,ﬁgﬁ; ASME  IEEE/ASME TRANSACTIONS ON MECHATRONICS 1

Society

Generating Whole-Arm Avoidance Motion
Through Localized Proximity Sensing

Simone Borelli, Francesco Giovinazzo
Francesco Grella

Abstract—This article presents a novel control algorithm
for robotic manipulators in unstructured environments us-
ing proximity sensors partially distributed on the platform.
The proposed approach exploits arrays of multizone Time-
of-Flight (ToF) sensors to generate a sparse point cloud
representation of the robot’s surroundings. By employing
computational geometry techniques, we fuse the knowl-
edge of robot’s geometric model with ToFs sensory feed-
back to generate whole-arm motion tasks. This allows to
move both sensorized and nonsensorized links in response
to unpredictable events such as moving obstacles. In par-
ticular, the proposed algorithm computes the pair of closest
points between the environment cloud and the robot links,
generating a reactive avoidance motion that is implemented
as the highest priority task in a two-level hierarchical ar-
chitecture. The algorithm allows the robot to move safely
in unstructured environments, even without complete sen-
sorization over the whole surface. Experimental valida-
tion demonstrates the algorithm’s effectiveness in different
operating scenarios, achieving comparable performances
with respect to well established control techniques that
rely on large area sensing architectures. We validate the
approach on a human-robot interaction task involving 20
participants. In addition, we carry out a computational load
analysis of the proposed algorithms. Our approach shows
improvements in the distance margin between the robot
and the environment up to 100 mm, due to the rendering
of virtual avoidance tasks on nonsensorized links.

Index Terms—Human-robot interaction, large-area sen-
sors, prioritized control, proximity sensing.

[. INTRODUCTION

OBOTIC manipulation in unstructured environments rep-
resents a significant challenge, as robots must operate
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Fig. 1. 3-D model of a robotic manipulator partially covered with mul-
tizone proximity sensors (1). On the left side of the picture is highlighted
an obstacle detected by one of the sensors. Our approach exploits
the robot’s geometric model (2) to define a dynamic avoidance task
that acts on an arbitrary point over the robot’s surface, regardless of
its sensory layout. The representation of a typical output of multizone
proximity sensors considered in this work is shown in (3), where most of
the beams have been omitted for clarity.

safely and efficiently in the presence of dynamic and unpre-
dictable obstacles. Traditional control approaches often rely on
external sensing architectures based on cameras, tactile sensors,
and more recently proximity sensing.

Visual-servoing architectures are a well-established approach
relying onimage processing techniques to perceive the surround-
ing space [1], [2], [3], [4], [5]. Vision-based systems, including
cameras and motion capture setups, are used to enhance robot
perception by monitoring the collaborative workspace, thus en-
suring safety in human-robot interaction (HRI) applications [6],
[71, [8], [9]. Current research has indicated that vision-based
solutions perform well in critical situations. However, camera
systems have important disadvantages in unstructured environ-
ments. In particular, their limited field of view can result in
blind spots, leading to unexpected behavior in safety-critical
scenarios due to temporary loss of information. Occlusions,
which are highly dependent on camera positioning, can affect
both eye-in-hand and eye-to-hand configurations.
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In eye-in-hand setups, the field of view is constrained by the
robot’s pose and may be obstructed by its own movements or the
manipulated objectitself [10]. Eye-to-hand systems, meanwhile,
are vulnerable to occlusions caused by moving obstacles or
human operators, complicating the continuous tracking of the
robot.

To address these issues, researchers have considered alterna-
tive or complementary sensing technologies. One of the most
promising methods is large-area perception ([11], [12], [13],
[14]), which relies on mounting distributed sensor networks on
the manipulator’s links, thereby enabling perception algorithms
from the entire robot body.

Tactile perception is a preferred resource in tasks implying
physical contact with the environment, such as autonomous
clutter exploration [15], [16], [17], [18] and physical human—
robot interaction (pHRI) [19]. In particular, large-area tactile
sensing enables the integration of pressure sensors on complex
curved surfaces, such as manipulator links, offering capabilities
like multicontact detection and contact geometry reconstruction.
Hence motion control algorithms that exploit distributed contact
feedback allow robots to safely interact with the environment
and gather information on its physical properties. Moreover,
tactile sensing is insensitive to variations in light conditions and
an extensive coverage with few blind spots allows to perceive
contacts coming from any direction. Relying solely on touch
when handling multiple sources of uncertainty is impractical
and may result in potentially hazardous situations. For instance,
in densely crowded environments or safety-critical applications
like human-robot collaboration (HRC), tactile perception only
provides local awareness of obstacles and cannot detect anything
that is not already in contact with the robot. To overcome this
limitation, the research community is extensively working on
proximity sensing, both as a unique sensing modality [20], [21],
[22] or as part of multimodal architectures [11], [23], [24], [25],
[26].

Handling human presence within the robot’s operational space
is a well-established research topic which led to the definition of
different approaches. Recent works described in [27] and [28]
tackle the problem of safe HRI by adopting uncertainty-aware
planning algorithms to estimate human motion. However, the ap-
proach described in [28] relies on a fixed perception setup based
on Vicon cameras, which brings many limitations of camera-
based approaches. In [27], the authors defined a task-dependent
“danger zone” to trigger avoidance behavior and safely ac-
complish the task. Both methods are based on preestablished
environmental hypotheses and involve first-time configuration
procedures that depend on the structure of the workcell. In
addition, these methods could limit the application flexibility
due to their reliance on external sensing architectures. In this
article, we propose an alternative approach based on large-area
proximity sensors embodied on the manipulator to define dy-
namic reactive avoidance motion for operation in unstructured
scenarios. Range-based approaches relying on LiDAR sensors
have been recently presented in the context of human-crowded
scenarios as depicted in [29]. LiDARs are a preferred choice
when dealing with mobile robots, but can represent a limitation
in collaborative manipulation tasks due to its fixed mounting and
consequent occlusions.
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Proximity-based whole-arm control enables the development
of obstacle avoidance behaviors that can react to unexpected
collisions without the limitations of camera-based algorithms.
However, equipping the entire robot body with proximity sen-
sors can be an expensive and complex engineering challenge. As
aresult, many solutions focus on integrating distributed sensors
only on the final few links of the kinematic chain, as these are
more prone to collisions [20], [30], [31].

Proximity servoing algorithms usually rely on distance mea-
surements from sensor mounting locations to generate reactive
collision avoidance tasks. However, these algorithms are often
based on a limited set of control points—specifically, the sensor
locations on the robot’s body—to move the robot away from
detected obstacles [21], [31], [32]. This approach has significant
drawbacks in terms of flexibility, robustness, and fault tolerance.

Key limitations include that: 1) the manipulator body must be
fully covered with proximity sensors to avoid blind spots; 2) in
certain configurations, nonsensorized parts of the robot may be
closer to the obstacle. As aresult, while trying to avoid a collision
with a sensorized link, the robot might unintentionally collide
with a nonsensorized link; 3) if any sensor malfunction occurs,
the obstacle avoidance behavior could become unreliable.

To address these limitations, this article presents a novel
control algorithm that uses localized proximity sensing to enable
reactive motion behaviors across the entire surface of the robot,
including nonsensorized links. The algorithm employs a limited
number of multizone proximity sensors, placed on the second
link of a collaborative robot, to detect nearby obstacles. This
sensing configuration is chosen to maximize ToFs coverage on
the robot link most likely to collide during active operation
and to prove the effectiveness of the implemented obstacle
avoidance behavior on nonsensorized links. By processing this
sparse sensor data using computational geometry techniques, it
calculates the minimum distance between the environment and
the robot’s body. This approach extends reactive control to any
arbitrary point on the robot links by generating motion tasks
that are fed to a two-layer task priority architecture [33]. In
particular, the obstacle avoidance behavior is given the highest
priority, whereas the goal-reaching tasks are performed within
the null space of the primary task. This design choice ensures an
effective robot operation in complex, crowded and unstructured
environments without affecting the safety-related objectives. In
particular, the obstacle avoidance behavior is given the highest
priority, whereas the goal-reaching tasks are performed within
the null space of the primary task. This design choice ensures an
effective robot operation in complex, crowded, and unstructured
environments without affecting the safety-related objectives.

To the best of our knowledge, this is the first work addressing
whole-arm obstacle avoidance with partial proximity sensoriza-
tion. Moreover, providing nonsensorized links with reactive
avoidance capabilites represents a considerable improvement in
terms of sensory integration efforts and costs.

This article presents the following contributions.

1) A proximity data processing pipeline that efficiently fil-
ters out the robot model from the measurements of the
proximity sensors.

2) An algorithm that extends sensor-based reactive control
to the whole manipulator’s surface without the need for a
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complete sensorization.
3) Anexperimental evaluation of the proposed approach that
considers static obstacles and human-robot interaction.
The rest of this article is organized as follows. Sec-
tion II details the proposed methodology, focusing on the
data processing algorithms and the implemented task pri-
ority control architecture. Section III describes the experi-
ments carried out to validate our approach. Section IV show-
cases the obtained results and discusses the implications and
limitations of our algorithm. Finally, Section V concludes
this article and provides some insights for future research
developments.

[l. METHODOLOGY

The algorithm presented in this article relies on distance
measurement, geometric information about the environment and
the robot model to efficiently handle and react to approaching
obstacles. However, a set of preprocessing operations must be
performed on the raw data in order to ensure a proper identifi-
cation of measurement corresponding to the robot body and to
the objects close to the robot platform.

Initially, a spatial filtering operation is performed on the
raw point cloud data to eliminate measurements outside the
designated robot workspace. Although the selected proximity
sensors can measure distances up to 4 m, the robot’s operational
range is limited to 1.3 m. As a result, subsequent computa-
tionally intensive algorithms, responsible for filtering the robot
body measurements and computing the minimum distance point,
process fewer data, thereby reducing the overall computational
time.

A. Robot Body Measurement Filtering

Multiple proximity sensors are integrated all over the robot
surface, as shown in Fig. 1. In specific joint configurations,
ToF sensors Field of View (FoV) might intersect other links
of the robotic platform, that would be treated as obstacles unless
filtered out from the raw point cloud. To overcome such problems
we developed an algorithm that processes the raw point cloud,
eliminating all measurements corresponding to the robot body.

In the proposed solution, we assume to have N proximity
sensors distributed on the second link of a robot manipulator,
in the known locations x;, with i = {0, 1, ..., N} as depicted
in Fig. 1. Each sensor has a squared field-of-view and provides
a set of measurements d = {d;, ds,...,d} representing the
absolute distance from the object with respect to the measuring
device.

Distance measurements can be converted into a small point
cloud P;, by leveraging the sensor’s geometric model as outlined
in [25]. In particular, each of the 64 distance measurements d; is
represented as a point p; in a 3-D coordinate system centered at
the sensor’s emitter, having its z-axis orthogonal to its surface.
We use the trigonometric transformations described in (1), which
are based on the manufacturer’s specifications [34] consisting of

O
-

Robot model
intersection -
discarded point

Valid
measurement
point

Fig. 2. Simplified 3-D description of the mesh removal algorithm. A ray
is traced between a proximity sensor and all its sampled measurements,
expressed as 3-D points. If the ray intersects the robot’s model, the mea-
surement is compared with the intersection point and if the distance is
lower than a specified threshold, the measurement is discarded (1). The
point (2) instead is an observation of an obstacle, and the corresponding
ray does not intersect with the robot model, therefore the measurement
is valid.

the sets of angles «; and ;

x; = d; sin(«;)
y; = ditan(B;) pi € R, Vie{l,...,64} (1)

pi =

We also assume the full knowledge of the robot geometric
model in a form of mesh composed of vertices and faces. In this
respect we define M (q) the mesh where the vertex positions is
computed depending on the joint configuration q with respect
to the same reference frame used for each P;.

Then, for each point p € P; we check the intersection with
the robot mesh M;. In particular, we compute a ray starting
from the origin of the measurement x; and passing through p.
Then, to check for the intersection we leverage an AABB Tree
data structure [35] that allows to perform intersection queries in
logarithmic time.

The AABB tree 7(q) is precomputed from the robot mesh
M(q) and transformed for any given robot posture outside the
algorithm shown in Algorithm 1. For each ray, we then check
the intersection point between the ray and 7 (q).

In case of intersection, it is still necessary to check if the
measurement point belongs to the robot mesh. In fact, the ray
intersecting the robot body might also pass through an obstacle
interposed between the sensor and the robotic platform, as shown
in Fig. 2. In this case, we compute the distance between p and
the intersection point with the robot body and compare it with a
threshold €, which accounts for the thickness of the 3-D printed
covers mounted on the robot links. If the point p is beyond
the threshold e, it is added to the filtered environment cloud
]5, otherwise it is removed.

The full algorithm is showed in Algorithm 1.

Algorithm 1 is executed at each time instant, for each number
of links /. The time complexity for the removal of robot body
measurements considers: I. The cost of the intersection check,
which is logarithmic with respect to the number of vertices in the
mesh V' and proportional to the number of sensor measurements
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Algorithm 1: Robot Body Measurement Removal.

Algorithm 2: Find Minimum Point.

Input : P(q) and 7(q) for I = {1,2,...,L}
Output: P

1 P=]]

2 for i < 1 to L do

3 foreach p € P; do

4 r = computeRay(p, z;)

5 pPn = checkIntersection(7;,r)

6 if pn == NULL or

computeDistance(p,py) > € then

7 P=PU P

8 end if

9 end foreach
10 end for
11 return P

NM and the number of trees L; II. The cost of the distance
computation between p and py, which is constant. Therefore
the overall cost is given by

O(LNMlog(V))+  O(LNM) . )
—_———— ——

Intersection check Distance computation

B. Minimum Distance Points

Once the robot body is filtered out, the resulting point
cloud only provides information about the external environ-
ment, specifically the obstacles in proximity to the robot
body. Then, it is necessary to identify the closest obstacle to
the robot body in order to trigger an appropriate repulsive
response.

The proposed algorithm finds, for each AABB tree 7 (q), the
pair of points with the minimum squared distances, respectively,
on the point cloud of the environment P and on the current
AABB tree.

Once the iterations over 7 have ended, the function returns
the point on the robot model mrp, the point in the environment
cloud mep, and the corresponding link [ that have the absolute
minimum squared distance.

The full algorithm is showed in Algorithm 2.

The time complexity for the minimum distance point compu-
tation includes: 1) the number of iterations over the AABB trees,
which is equal to the number of links [ of the robot platform;
the dimension of P, proportional to N M ; the time required to
compute the squared distance from the current point of P and
T (q), which is equal to log(V'); 2) the comparison performed
to determine the current minimum, which is equal to LN M 3)
the time required to find the closest point on the robot, given the
point from the point cloud p, which is in the average case equal
to log(V).

Hence the actual cost is

O(LNMlog(V)) + O(log(V))
—_— —m———— ——

Minsquaredistancesearch Currentmincomparison Closestpointsearch

3

O(LNM)  +
—

Input : P, T(q) for I ={1,2,...,L}
Output: mrp, mep, [

1 cmd = MAX VALUE

2 for i < 1 to L do

3 foreach p € P do

4 SD;,=squaredistance(p,T;)

5 if SD; < cmd then

6 cmd = SD;

7 [ =i

8 mrp=closestPoint(mep, Z)
9 mep=p

10 end if

1 end foreach
12 end for

13 return mrp, mep, [

The outcomes of the cloud processing pipeline are visualized
in multiple configurations in Figs. 3 and 6.

C. Motion Control Algorithm

The control scheme implemented for this activity is based
on the Task Priority Control framework presented in [36],
which allows to satisfy several control objectives with dif-
ferent priorities. Specifically, in our application, we consider
a robot controller with two priority layers. The highest pri-
ority controller deals with the safety of the overall system,
implementing the obstacle avoidance behavior based on the
preprocessed proximity sensors feedback. The lowest priority
controller, instead, deals with the goal reaching task. The math-
ematical proof and formalism for the control architecture can
be found in theoretical works [37] and applications [15], [38].
In this work, we have defined the reaching and avoidance tasks
in a manner that adheres to the formal conditions of equality
and inequality constraints typically considered in the litera-
ture, thereby ensuring consistency with established convergence
criteria.

1) Safety Control Objective: The safety control task has the
highest priority in the proposed two-layer control architecture.
The goal is to increase the distance from the identified obstacles
while trying to satisfy action-defining lower priority control
objectives, such as reaching a desired goal position with the
end-effector.

By defining 2, the velocity estimated for the obstacle closest
to the robot body, dpin € R the minimum distance that the
robot should keep from the detected obstacle, A the constant
offset used to create a buffer zone to smoothly activate the
safety control task and d,,,- € R the current minimum distance
computed with Algorithm 2, we can write the feedback reference
rate as

1>

-’i *’to + )‘(dmin + A— dcurr)a A>0. (4)

The continuous sigmoidal activation function a* () that regu-
lates the activity of the safety control task x > d,;,, is described
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(b)

Fig. 3.

©) (d)

Visual comparison of the whole-body minimum distance pair algorithm and its counterpart based on sensors mounting points. The white

point cloud represents a downsampled model of the robot computed by its visual meshes (a) and (c) and proximity sensors locations in (b) and (d).
The blue cloud represents an obstacle resembling our proposed experimental configurations. The red arrow is the vector that has the pair of closest

points as its origin and tip.

by

1 if v < dpin
s(x) ifdmin < ¢ < dmin + A (5)
0 if v > dpin + A

al(z) =

such that s(x) is any smooth, strictly decreasing function, A
is the constant offset used to create a buffer zone, where the
inequality x > dpiy, is already satisfied, but the activation value
is still grater than zero, preventing chattering problems around
the inequality control objective threshold d,,;,, . The task-induced
Jacobian OJmTp /0, instead, is computed as

0']mr;D/O =0 Smrp/lmp OJlmp/O 6)
where S is the rigid body Jacobian defined as

A H3><3 [Ormrp/lmp]T

OSmrp/lmp = € §R6X6 @)

0353 I3x3

such that [°7,,,., /1myp) | is the skew symmetric distance between
the point of minimum distance mrp and the frame of the link
Imp to which the point belongs.

2) Goal-Reaching Control Objective: The goal reaching task
is assigned the lowest priority and is executed within the null
space of the primary, safety-related task. Specifically, this action-
defining, equality control objective is used to reduce the position
and orientation error between the robot end-effector and the de-
sired goal frame. The feedback reference rate for the end-effector
position control was computed as

)L(lin é )L(Xgoal - Xee) A>0 (8)

where X041 € 531 is the position of the goal, while x,,, € 33!
is the current tool position, both computed with respect to the
robot base.

The feedback reference rate for the end-effector orientation
control was computed as

Kang = An6, A >0 )

where nf € 33! is the angle-axis representation of the orien-
tation error.

The task-induced Jacobian for the goal reaching task was
simply computed considering the linear and angular components
of the robot end-effector Jacobian matrix

0 JL
e }/10 € RO*6.
Je /0

0J.0 2 (10)

The obtained task vectors and Jacobians are then exploited
to compute suitable joint velocity references according with the
control formulation described in [15]. The convergence of the
proposed control algorithm is demonstrated in [36] and [37].

IIl. EXPERIMENTAL VALIDATION

This section describes the tests performed to validate the im-
plemented algorithms and control architecture. For this purpose,
we used a 6-dof URI10e robotic arm by Universal Robotics,
which was partially equipped with multizone ToF sensors.
Specifically, VL53L8CX sensors, manufactured by ST Mi-
croelectronics [34], were integrated into flexible PCB arrays
as part of the ProxySKIN technology [25]. Each proximity
sensor generates an 8-by-8 matrix of distance measurements
and is characterized by a field of view of 45°, represented in
Fig. 1.

In this setup, three ring-shaped arrays, each consisting of 10
sensors, were mounted around the third link of the UR10e robot
using custom 3-D printed covers, as shown in Fig. 4. This sensor
placement is the result of a volumetric analysis that relates the
FoV model of the sensors (obtained by manufacturing specifi-
cations) to their locations on the robot body [25]. The remaining
robot surface was not sensorized to test the effectiveness of our
approach.

The proposed algorithm was also validated on another robot
platform, the Panda robot by Franka Emika, characterized by
a more complex geometric model and 7-DoF. Three arrays of
10 ToF sensors were placed on different links of the Panda
robot, specifically link 1, link 2, and link 7, as shown in Fig. 6.
Performance tests on the robot body measurement filtering and
on the minimum distance point computation were carried out,
by varying two major performance metrics: 1) the robot model
complexity; and 2) the size of the filtered environment cloud.
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Experimental setup configurations. (a) A planar object is placed besides the robot, to evaluate the algorithm’s behavior on the uncovered

links. (b) Another static planar obstacle is positioned in front of the robot, to evaluate algorithm’s behavior on the uncovered flange. (c) Human—robot
collaboration mockup. Robot motion waypoints R1 and R2 are marked with red dots, while blue dots represent the assembly locations for the subjects
(H1, H2, and H3). The bird-eye view shows the locations used as markers for the assembly cycles progression, as well as the two toolbox locations

represented as T1 and T2.

A. Algorithm Validation in Static Scenarios

The first set of experiments was conducted in a static environ-
ment, using fixed obstacles in proximity to the robot platform.

In the first trial, a planar surface was placed in front of the
robot body [Fig. 4(a)], while in the second study it was placed
on the right side of the UR10e [Fig. 4(b)]. In both cases, we
defined a goal frame for the robot’s end-effector beyond the
planar surface and, by activating the obstacle avoidance safety
control task, we checked the robot response to the following two
different types of controllers.

1) A state of the art reactive controller, using the proximity
sensors positions on the robot body as control points,
presented in [31].

2) The controller explained in Section II, using any point of
the robot model-including nonsensorized links—to enable
reactive motion behaviors.

B. HRI Trials in Shared Workspace

The main validation task is focused on a car door inspec-
tion and assembly operation, involving the coexistence of the
partially sensorized robot and a human operator within a small
shared workspace. In this scenario, the operator is instructed to
retrieve tools at fixed locations and perform predefined actions
that resemble screwing operations on the inside of the car
part, while the robot is continuously moving to reach specific
waypoints within the workspace.

As illustrated in Fig. 4(c), the door is located in front of
the robot, at a distance of 1.2 m from the robot base. Two
waypoints (R1 and R2) are marked on the car door to indicate
the robot motion, while three different targets (H1, H2, and
H3) are chosen for the operator to perform assembly tasks. Two
additional locations are defined for tool retrieval (T1 and T2),
respectively, to the left and to the right of the robot base. Finally,
four reference locations (P1, P2, P3, and P4) are marked on
the ground for the human operator, corresponding to different
phases of the the task progression. Variations in the toolbox
position and assembly target points allow to observe the robot’s
performance under different environmental conditions.

The toolbox position is purposely chosen near the robot’s
base, requiring subjects to approach the first link, which are not
sensorized. To validate our approach, we compare its perfor-
mance against a baseline method described in [31], where only
the sensor mounting points are used to move the robot away from
obstacles. The performance of both algorithms is evaluated by
measuring the distance between the robot’s point cloud and the
closest point of the environment’s point cloud over time.

The HRI trials involved 20 participants, aged 24 to 40, with
heterogeneous professional backgrounds. For each attendee, two
different assembly tests were performed in close proximity of
the moving robot using the baseline algorithm and the proposed
whole-arm controller as follows.

1) In the first trial, subjects were instructed to approach
the shared workspace starting from position PO and
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P2—>P3 >T2

PO >P1->T1
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Fig. 5.

d) e) f)

Timeline of the assembly cycle. (a) The subject enters the shared workspace and reaches the target toolbox location. (b) When the first

acoustic signal is given, the subject moves to the first assembly target, while the robot attempts to reach its assigned waypoints. (c) The subject
is signaled to move back to the tool location to simulate a tool change. (d) After 35 seconds in the cycle, the subject moves towards the second
assembly location and performs the mockup task for 15 seconds more. (e) At the 50 seconds mark the subject is prompted to reach the toolbox
one last time to leave the tools, then is asked to leave the workspace and to go back to the initial location (P0/P2) as shown in (f).

proceeding to position P1, located halfway between the
toolbox location T1 and the H1 and H2 markers on the car
door. The assembly cycle required the subjects to move
between the toolbox and the car door in proximity to the
ground marker P1. In particular, they were asked to move
from the toolbox T1 to the car door, perform the assembly
operation in H1, change the tool back in T1, assemble
the second component in H2, put down the tool in T1
and leave the shared workspace. The assembly phases
were dictated by a timer-based acoustic signal, notifying
a change of action at predefined time intervals.

2) The second trial had the very same structure of the first,
except for the different task locations. Users were asked to
move from P2 to P3, retrieve the tool in T2 and simulate
an assembly operation at H3 twice, changing the tool in
T2 before the second assembly operation.

In Fig. 5 are illustrated the assembly steps performed by
two subjects during the first (top) and in the second (bottom)
assembly cycle over time.

C. Computational Analysis and Generalization

To demonstrate the generalization of the implemented algo-
rithms across different robot platforms, we conducted a perfor-
mance analysis of their computational complexity. Two robot
platforms were considered: a UR10e and a Panda robot, both
equipped with three arrays of 10 ToF sensors each. Specifically,
we performed an execution time analysis of Algorithms 1 and 2
by varying the following parameters.

1) Geometric model resolution: The number of vertices per
mesh was varied from 10? to 10* points.

2) Environment point cloud size: Three different configu-
rations were considered: a) the raw environment cloud,
containing more than 1500 data points; b) a mildly spa-
tially filtered cloud, including obstacles within 2 m of the
robot body, totaling approximately 600 data points; c¢) an
extensively spatially filtered cloud, including obstacles
within 1 m of the robot body, totaling approximately 200
data points.

Data were collected with the robot in a static configuration by
placing an obstacle in close proximity to its body while running
the perception stack used in the HRI trials.

In Fig. 6 are illustrated the real Panda robot setup, used
for the computational analyses of the implemented algo-
rithms, and three virtual 3-D representations characterized
by different robot model resolutions and spatial filtering
configurations.

IV. RESULTS AND DISCUSSION

In this section we present quantitative results obtained from
our experimental trials, providing a comparison between our
proposed whole-body algorithm (WB)and the baseline state-
of-the-art approach based on motion control of the sensors’
mounting points (SM).

A. Results of Static Obstacles Trials

For this set of experiments, we evaluated the minimum dis-
tance between the robot and the environment point cloud while
performing a 6-dof reaching task in the presence of a static
planar obstacle as described in Section III-A. We evaluated
the norm of the minimum distance between the point clouds
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Fig. 6.
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(d)

Generalization of the computational load analysis to other robot platforms. (a) Real experimental setup, showing a sensorized Panda robot

(on the left) and a static obstacle (robot on the right). (b)—(d) Virtual representation of the experimental setup considering different resolutions of
the robot link models (white point cloud). The green point cloud represents the filtered measurements close to the robot body. The blue point cloud
represents the raw sensors data. The red arrow represent the vector that has the pair of closest points as its origin and tip. The robot link geometric
models feature respectively: (b) 100 points, (c) 1000 points and (d) 10000 points.

0.55

ToF Mounting Points Control
Whole-body Control

0.5

0.45

0.4 -

Distance Norm (meters)

03

0.25 . :
0 5 10 15 20 25

Time (seconds)

Fig. 7. Comparative analysis between the presented whole-body al-
gorithm and the baseline during the front plane test.
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Fig. 8. Comparative analysis between the presented whole-body al-
gorithm and the baseline during the side plane test.

representing the environment and the robot. The outcome of the
trial performed with the front panel is shown in Fig. 7: when the
whole-body controller (WB) is used, the robot is able to keep
a greater distance with respect to the baseline method, using
sensor mounting positions (SM) to drive away the robot from
detected obstacles. The robot exhibits this behavior because with

TABLE |
MEASURED DISTANCES AND THEIR CORRESPONDING MAXIMUM STANDARD
DEVIATIONS FOR THE WHOLE ASSEMBLY CYCLES

d(m) Tmaz(m)
SM Assembly Task 1 0.331 0.129
WB Assembly Task 1 0.339 0.126
SM Assembly Task 2 0.285 0.189
WB Assembly Task 2 0.310 0.167

WBthe control point is located on the flange, which is in fact
the link closest to the obstacle.

A similar result (Fig. 8) is obtained considering a static
obstacle on the left side of the robot’s workstation, as shown
in Fig. 4(a)—(b). As for the previous case, our approach allows
the robot to maintain a larger safety distance from the objects
detected.

B. Results of HRI Trials

In this set of experiments, we observed the robot’s behavior
in the presence of humans moving inside the shared worskpace,
as described in Section III-B. We asked 20 different subjects
to perform two assembly cycles, starting, respectively, from
position PO and position P2, as the robot was controlled using
the WBand the SMapproaches. The SMand WBalgorithms were
compared by analyzing the minimum distance between the robot
and the environment, both represented as point clouds. In par-
ticular, we evaluated the average value of the minimum distance
d and the maximum value of its standard deviation o, over
each trial. The results are summarized in Table 1. Moreover, we
performed an in-depth analysis of the most critical stages of the
assembly task, represented by H1, H2, and H3 to better assess
the robot’s behavior when the subjects were standing close to
the arm and were interfering with the robot’s path. The results
are summarized in Table II.

The statistic analysis on the average minimum distance along
the whole cycles shows that when the operator is approaching
the workcell from PO (Task 1) the sensors’ mounting locations
are generally as close as the nonsensorized robot wrist, explain-
ing why the WBtrials show a comparable performance to the
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Time-based plots of two complete HRI trials. (a) shows data related to a trial performed with the baseline algorithm (SM), having the

subject approaching the workspace from P2. (b) shows the outcome of a trial performed with the novel whole-body approach. It is worth noticing
that the WB algorithm allows to better constrain the motion to stay within assigned safety thresholds.

TABLE Il

terms of minimum safety distance compared to the baseline

MEASURED DISTANCES AND THEIR CORRESPONDING MAXIMUM STANDARD
DEVIATIONS FOR CRITICAL ASSEMBLY OPERATIONS

SMalgorithm, while the maximum standard deviations have
similar trends.

d(m) Crmax(m) Fig. 9 shows the minimum distance and the avoidance activa-
SM - Assembly Operation on HI 0312 0.099 tion function over two trlals.performeq in SM - Tas.k lgnd WB
WB - Assembly Operation on H1 0327 0111 - Tas.k 2corid1t10n;', rhestpl)ectlvely. Vertical rpe;;kels 1nd1<i<ate the
SM - Assembly Operation on H2 0305 0.143 tlme. 1nterva .satw' icht ef)p.erator m'oves within the workspace.
) Horizontal lines in the minimum distance plots represent the

WB - Assembly Operation on H2 0.316 0.092 .. . ..
thresholds that define the transition region of the activation

SM - Assembly Operation on H3 (first run) 0.224 0.130 . . .. 5

' ] function. It is clearly visible how the operator’s movements
WB - Assembly Operation on H3 (first run) 0249 0.103 cause a sudden increase in the activation in both experiments.
SM - Assembly Operation on H3 (second run) 0.245 0.140 Moreover, the minimum distance plots distinctly show how the
WB - Assembly Operation on H3 (second rum) | 0257  0.122 WBmethod helps keeping an overall larger distance margin from

SMones. In contrast, when the assembly task starts from P2
(Task 2) the WBalgorithm exhibits performance improvements
with respect to SM, since the avoidance tasks are generated on
the nonsensorized robot wrist, which gets closer to the subject
when using the SMcontroller.

The results obtained by evaluating the mean d and maximum
standard deviations ¢4, of the minimum distance during the
critical assembly phases H1, H2, and H3 follow the same trend
described in Table I. In particular, for all the above cases,
the proposed WBcontroller achieves slightly better results in

the operator, while the SMalgorithm struggles to maintain a
minimum distance threshold.

C. Results of the Algorithms Computational Analysis

In this test, we focused on the computational cost of the
algorithms implementing the robot body measurement filtering
and the evaluation of minimum distance points. As described
in Section III-C, we considered two different robot platforms, a
UR10e and a Panda robot, characterized by different geometric
structures. Tests were carried out on a workstation running Linux
Ubuntu 22.04, mounting an Intel i7-12th Gen. We considered
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Fig. 10. Analysis of the computational complexity for the minimum
distance point evaluation (Algorithm 2). (a) Results obtained for the
Panda Robot; (b) Results obtained for the UR10e robot.

variations of two performance-affecting parameters: the number
of points of the robot geometric model, varying from 10? to 10,
and the size of the environment point cloud, varying from less
than 200 points to more than 1500.

Figs. 9 and 10 show the results obtained by comparing the
UR10e and the Panda robot performances for Algorithm 1 and
2, respectively.

The results obtained for the Panda and the UR10e robot
platforms are comparable and consistent with the theoretical
computational costs outlined in Sections II-A and II-B,
characterized by a logarithmic trend. In particular, by increasing
the number of points in the robot geometric model, the
time required for filtering the robot body measurements
and finding the minimum closest points reach a horizontal
asymptote that is proportional to the number of points of
the environment point cloud. As the number of points in the
environment point cloud increases, so does the computational
cost.

The computational cost of Algorithm 2 has an order of magni-
tude greater than Algorithm 1 because, as noted in (3), it depends
on an additional logarithmic term that deals with the search of
minimum distance points.

The results obtained from the computational analysis are ac-
ceptable for our application, given that the robot is controlled at
low speeds in the presence of fixed obstacles and humans. Even
in the worst-case scenario—10* points per robot link model and
1.5 - 10° points of the raw environment cloud—both algorithms
perform their computations within the proximity sensors cycle
time, set to 66.7 ms. However, to boost the performances of Al-
gorithms 1 and 2, it is reasonable to use a coarser representation
for the robot geometric model and to perform a prior spatial
filtering of the environment point clouds.

IEEE/ASME TRANSACTIONS ON MECHATRONICS

Finally, the computational analysis on the UR10e and the
Panda robot suggest that Algorithm 1 and 2 can be generalized
to more complex robotic platforms.

V. CONCLUSION

In this article, we presented a novel proximity servoing al-
gorithm that generates reactive collision avoidance behavior by
exploiting a limited set of multizone range sensors integrated
on a robotic manipulator. In particular, we propose a method-
ology that leverages the geometric model of the robot to find
its closest point with respect to the environment, represented
as a point cloud. We compared our method with a baseline
control algorithm for reactive avoidance [31], showing compa-
rable qualitative and quantitative performances. Moreover, the
presented algorithm can exploit any arbitrary point on the robot’s
surface to perform avoidance motion, showing improvements
in the distance margin due to the definition of control tasks on
nonsensorized links. To the best of our knowledge, this is the first
article addressing whole-arm obstacle avoidance with partial
robot sensorization. Our approach represents an improvement
in terms of integration efforts, since it allows to endow a robot
with proximity perception without the need of sensorizing its
entire surface.

It is worth noting that while the proposed approach effectively
addresses common limitations of vision-based sensing, it is
not entirely immune to blind spots, which are primarily due
to the placement of sensors on the robot links. During the
HRI experimental sessions, two failure cases were observed
in which the robot approached the human subject too closely
and had to be stopped manually. A post-experiment analysis of
the raw environment point cloud confirmed that these instances
occurred in specific robot configurations, particularly when the
human subject entered the shared workspace from a region
not monitored by the proximity sensors. This limitation can be
mitigated through a detailed analysis of blind spots to optimize
sensor placement. In addition, strategies that leverage the robot’s
motion to improve coverage of previously unobserved areas are
currently under investigation and will be explored in future work.
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